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Abstract

The hydrological cycle is influenced by both the climate change and variability and land
use/cover change. Assessing the impacts of both climate change and variability and land
use/cover change on hydrological variables is crucial for sustainable development of water
resources and natural ecosystems. This thesis mainly assessed the effects of land use/cover
change and future climate change and variability, both separately and in combination, on water
resource availability in Australia. In specific, four inter-related studies were carried out based
on statistical methods (Mann-Kendall trend test, Mann-Kendall abrupt test, wavelet analysis,
linear regression, and climate elasticity), hydrological models, global climate models (GCMs),

different land use/cover scenarios, and analysis of variance method.

The main findings of this thesis are: (1) As expected, rainfall is the factor that most affects
runoff, and an increase of 10% in rainfall caused an increase of 24.4% in runoff according to
the average of the four catchments. (2) Annual rainfall and runoff were projected to decrease
slightly in 2021-2060 and increase in 2061-2100. A slight increase was predicted in annual
actual evapotranspiration, while a decrease was projected in annual soil water in the future. (3)
Urbanization increased surface runoff while decreased lateral runoff and groundwater, but
produced no clear change in total runoff, actual evapotranspiration, and soil water. Additionally,
afforestation decreased surface runoff and caused slight changes in other hydrologic variables.
(4) For the combined impacts of climate and land use/cover changes, the results of different
land use/cover change scenarios were only slightly different from the response of the original
land use/cover. An uncertainty analysis shows that GCMs had the greatest contribution to

hydrologic variables, followed by RCPs and land use/cover scenarios.

Overall, this thesis offers an improved understanding of the individual and coupled
impacts of future climate and land use/cover scenarios on water balance components in
Australian catchments. It is advisable for impacts analysis (non-extreme dry or wet studies) to
use an ensemble of GCMs under different RCPs as this study or select “good” GCMs that can
capture regional atmosphere physical processes as some other studies, to minimize the
uncertainty of projected future hydrologic variables. This thesis can provide crucial information
for the development of efficient adaptation strategies and future policy plans for sustainable

land and water management in Australia.

Keywords: Climate elasticity; climate change and variability; land use/cover change;

GCMs; MODIS LAI; XAJ model; SWAT model; SWAT-T model; Australia; runoff
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Chapter 1. Introduction

1.1 Research aim

Global warming is likely to accelerate hydrologic cycle through increasing atmospheric
evaporative demand and changing the intensity, frequency and duration of rainfall events (Zeng
etal., 2014; Joseph et al., 2018). Hydrologic variables (e.g., runoff, evapotranspiration, and soil
water) are highly sensitive to even small changes in rainfall and temperature (Milly et al., 2005;
Seneviratne et al., 2010; Joseph et al., 2018). In addition to climate change and variability, the
hydrologic cycle also is influenced by land use/cover change, resulting from human activities
such as replacing natural forests and wetlands with croplands and built-up land (Sterling et al.,
2013). Therefore, research into hydrological responses that may occur in the future needs to
consider the combined effects of these two aspects: climate change and variability and land

use/cover change.

There is a general recognition that climate change and variability will lead to changes in
river flow regimes worldwide (Su et al., 2017). Global climate change and variability will cause
changes in precipitation (quantity, distribution, and timing), increase in potential
evapotranspiration and changes in other climate variables, which will lead to amplification in
runoff (Zhang et al., 2019). Australian climate is the most variable in the world (Stokes and
Howden, 2010) and climate change and variability has greatly influenced river and stream flows
across Australia. Rainfall and runoff are projected to decline in response to climate change and
variability in southern Australia (Pittock, 2003; CSIRO, 2007). Furthermore, the impacts of
land use/cover change on hydrology have been studied and debated for many years throughout
the world (Siriwardena et al., 2006; Li et al., 2013). Several studies reported that forest changes
greatly affect water yield, although the magnitude of change varies greatly between catchments
(Sun et al., 2006). In contrast, limited effects, no effects, or even positive effects on water yield
due to forest changes have been found in other studies, especially in large basins (Zhou et al.,
2015). The coupling effects of climate and land use/cover changes on runoff are complex and
poorly understood. The significance of water resources in nature and society highlights the need
to understand the integrated impacts of climate and land use/cover changes on regional
streamflow regimes. Therefore, there is an urgent need for hydrological models to synthesize
this knowledge and develop explicitly integrated “cause-effect” land use/cover planning and
strategies for adaptive land and water management under future climate change and variability

at a catchment scale.

This study will use hydrological models to provide a comprehensive understanding of the

interactive impacts of climate and land use/cover changes on hydrologic variables in Australia.
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The hydrological models will be applied to data obtained from the last decades but also into the

future (2100). This project will provide answers to the following questions:
(1) How did observed climatic and hydrologic variables change and their relationships?
(2) How will hydrologic variables respond to climate change and variability in the future?
(3) How will hydrologic variables respond to land use/cover change?

(4) What are the integrated impacts of climate and land use/cover changes on hydrologic

variables?
The specific aims of this study are to:

(1) Use statistical methods to derive trend, mutation, and cycle characteristics of the

climatic and hydrologic variables, and the relationships among them.

(2) Investigate hydrologic responses to future climate change and variability using

hydrological models and downscaled GCM projections.

(3) Assess hydrologic response to land use/cover change using hydrological model and

defined land use/cover change scenarios.

(4) Evaluate the coupled impacts of climate and land use/cover changes on hydrologic
variables using hydrological model, downscaled GCM projections, and defined land use/cover

change scenarios.
1.2 Research background

1.2.1 Hydrologic response to climate and land use/cover changes in Australia

Hydrologic cycle is projected to change under the warming climate (IPCC, 2013). Climate
variability can notably change the regional hydrologic cycle through changes in the different
climatic elements (Su et al., 2017). Rainfall and runoff are projected to decline in response to
climate change and variability in southern Australia (Pittock, 2003; CSIRO, 2007). Rainfall
decline is amplified in streamflow across southern Australia. In the far southwest, streamflow
has decreased by more than 50 percent since mid-1970s. Moreover, in the southeast, since the
mid-1990s, streamflow is around half the long-term average (CSIRO, 2016). During the same
period, streamflow was 41 percent lower than average in the Murray—Darling basin and
streamflow has decreased more than 70 percent in the west and central regions of Victoria such
as the Campaspe Basin. A recent study of hydrologic stations with at least 30 years of high-
quality records reveals a trend to lower streamflow for southwest and southeast Australia and
strong evidence of a trend to higher streamflow in far northern Australia (CSIRO, 2016). These

changes in hydrologic variables will influence nearly all aspects of human well-being, such as
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agricultural productivity, energy use, fish and wildlife management, and municipal and

industrial water supply.

The plantation area in Australia has expanded by approximately 700,000 hectares since
1990 (Parsons et al., 2007). The massive land use/cover change in Australia together with the
development of agriculture has led to instability in the hydrological cycle, resulting in the
intensification of land and water salinization across extensive regions (Zhang et al., 2001).
Forest hydrologic impacts have received much attention in studies of land use/cover change
impacts on water cycle, particularly the effects of afforestation and deforestation. It is well
acknowledged that surface runoff and groundwater recharge will increase when forests are cut
down in favor of agricultural land use/cover (Crosbie et al., 2007). Crosbie et al. (2007) reported
that land use/cover change from annual cropping and pasture to tree belts with perennial pasture
led to a significant reduction in runoff for a small cultivated catchment in central New South
Wales, Australia. Chen and Yu (2015) evaluated the potential effects by using two land
use/cover change scenarios in southeast Queensland in Australia and concluded that extreme
land use/cover change could influence flooding significantly for rural catchments rather than
urbanized catchments. The significance of water resources in nature and society highlights the
need to understand how land use/cover change affects regional streamflow regimes. However,
General Circulation Models (GCMs) and hydrologic models are widely applied in previous
studies to assess future hydrological response without integrating land use/cover change. The
impacts of only land use/cover change or only climate change and variability on runoff have
been researched in a lot of studies (Lahmer et al., 2001; Tollan, 2002; Bathurst et al., 2011;
Reshmidevi et al., 2018). However, not many studies have researched the coupled effects of
both climate and land use/cover changes in runoff impact assessment. Therefore, a detailed
understanding of the coupling effects of climate and land use/cover changes on runoff can
provide valuable scientific reference for water and land use/cover management in a warming

climate.
1.2.2 Climate change and variability impacts based on GCMs downscaling data

Climate change and variability can influence the regional water cycle significantly through
changes in different climatic variables (Su et al., 2017). GCMs are the primary tools to simulate
climate at global and regional scales. GCMs are commonly used for historical climate
simulations and future climate projections forced by greenhouse gases and aerosols. They
typically separate the ocean and atmosphere into a horizontal grid with the resolution of 2 to 4°
latitude and longitude and 10 to 20 layers vertically (Dibike and Coulibaly, 2005). GCMs are
the best means for regional and global climatic simulations, especially with the large progress

in climatic modelling over the past several decades. Nevertheless, GCMs are usually unreliable



to simulate climate variables realistically at local scales (a few kilometers) given their coarse
resolutions (175—400 km grid cells). Assessments of future streamflow often require daily data,
such as temperature, precipitation at catchment, or even station scales. But archived daily series
from GCMs simulation are only available for specific time periods of several decades at present
(Liu and Zuo, 2012). Thus, GCMs simulated climate variables are usually too temporally and
spatially coarse to be applied directly in hydrologic modelling. Therefore, it is important to
develop downscaling approaches to convert large-scale GCMs outputs into catchment-scale

climate variables.
1.2.3 Modelling methods of hydrologic response to climate and land use/cover changes

The impacts of climate and land use/cover changes on water balance in catchments is a
priority in current hydrologic research. The combination of climate and hydrologic models is
commonly used to evaluate the impact of climate change and variability on hydrologic elements.
Usually, climate models (GCMs or RCMs (regional circulation models)) are applied to produce
future climate series, and then the simulated sequences from the climate models are downscaled
to regional scale for hydrologic simulation using hydrologic models. Land use/cover change
will alter hydrological process such as evapotranspiration and surface runoff generation,
thereby influence the catchment water balance. Research methods of hydrologic response to
land use/cover change mainly contain paired catchment method and hydrologic modelling
method. Paired catchment method can provide information of land use/cover change impacts
on streamflow directly, but they usually need long periods and only suitable for small
catchments. Therefore, hydrologic modelling is becoming a significant method to evaluate land
use/cover change effects on water cycle, particularly the distributed hydrologic models with a
physical basis (Wang et al., 2008). The spatial distribution of changes in hydrologic variables
can be simulated using distributed hydrologic models at a catchment scale. Thus, distributed
hydrologic models have become major tools to study the water cycle and can also be adopted

as effective means to assess land use/cover change impacts.

Commonly used distributed models include SHE (Abbott et al., 1986), IHDM (Wood,
1996), SWAT (Arnold and Fohrer, 2005), THALES (Adams et al., 2012), USGS (Rose and
Peters, 2001), SLURP (Viney et al., 2009), WATFLOOD (Toth et al., 2006), and PRM (CHEN
et al., 2009a). SWAT (Soil and Water Assessment Tool) model is a semi-distributed watershed
hydrologic model with physical foundation. It can simulate long-term water balance
components (e.g., runoff) at daily scale (Brown et al., 2015). SWAT is considered to be one of
the most appropriate models for assessing hydrological responses (water, sediment, and nutrient
loss) to land use/cover change in watersheds with different land use/cover, soils, and

management conditions (Arnold and Fohrer, 2005). This model has been used successfully to



model environmental change impacts on hydrologic cycle, which makes SWAT a commonly
used hydrologic tool for land use/cover change and climate change and variability impacts
studies (Zhang et al., 2012; Baker and Miller, 2013; Narsimlu et al., 2013). Nevertheless, cases
from tropical or western Australia are scarce with more research focused on the eastern and
southeastern areas (Saha and Zeleke, 2015). Generally, plant growth modelling is essential in
distributed hydrologic models due to the important role of evapotranspiration in the hydrologic
cycle (Abbaspour et al., 2015). SWAT uses a simple plant growth module to simulate the
growth and yield of various vegetation types (Abbaspour et al., 2015). This plant growth
module was built for temperate regions and is not applicable for tropical areas (Wagner et al.,
2011). Thus, the applicability of the model for simulating plant growth in the tropics has not
been critically reflected in most SWAT studies, probably because hydrologic model calibration
and validation typically use streamflow or water quality data (Strauch and Volk, 2013).
Nevertheless, the successful reproduction of these outputs does not mean the proper simulation
of the inner hydrologic process within the catchment (Strauch and Volk, 2013). As a result,
several studies including tropical cases have been carried out to modify the plant growth module
in the SWAT model (Alemayehu et al., 2017; Ma et al., 2019). For example, Strauch and Volk
(2013) proposed an optional method that can generate a new growth season automatically
during the dry to wet season transition according to changes of soil moisture in tropics.
Nevertheless, as far as we know, SWAT with a modified plant growth module has never been
used in tropical Australia before. Hence, the performance of the improved SWAT model
(SWAT-T) (Strauch and Volk, 2013) is needed to be explored and assessed in tropical Australia.
In addition, as far as we know, coupling SWAT with multiple GCMs and different land
use/cover scenarios has not been applied in south-western Australia (SWA) yet. Therefore, the
hydrologic responses to climate and land use/cover changes in SWA is needed to be studied
with statistically downscaled daily climate data from GCMs and different land use/cover

scenarios.
1.3 Significance

As the air temperature rises, climate change and variability is intensifying the water cycle
(Huntington, 2006; Oki and Kanae, 2006). Australia has one of the most variable climates in
the world (Stokes and Howden, 2010) and river stream flows in Australia have been affected
significantly by climate change and variability. Furthermore, land use/cover change in Australia,
together with extensive agriculture development, has caused an imbalance in the hydrological
cycle, resulting in the intensification of land and water salinization in large regions (Zhang et
al., 2001). Thus, it is essential to research the combined impacts of climate and land use/cover

changes on water balance components (such as evapotranspiration, runoff, and soil water).
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The outcomes of this project can not only improve the evaluation system and method of
climate and land use/cover changes impacts on water cycle, but also provide a scientific basis
for the sustainable utilization of water resources and comprehensive catchment management in

a future changing environment.
1.4 Proposed thesis outline

The proposed outline for this thesis is as listed below:
(1) Introduction
(2) Literature review

(3) Hydro-meteorological characteristics and climate elasticity of catchments under

different climatic conditions

(4) Impacts of future climate change and variability on water resource availability of

eastern Australia: A case study of the Manning River basin

(5) Using an improved SWAT model to simulate hydrological responses to land use/cover

change: a case study of a catchment in tropical Australia

(6) Quantifying the impacts of future climate and land use/cover changes on hydrological

processes and associated uncertainty in southwestern Australia

(7) Final conclusions and future research



Chapter 2. Literature review

This chapter will provide a comprehensive review of literature related to the assessment
of climate change and variability and land use/cover change impacts on water balance
components and related research methods. The objective of this chapter is to provide strong
background information for this PhD research in understanding the hydrologic response to

climate and land use/cover changes and to provide applicable research methods.
2.1 Climate change and variability and land use/cover change

2.1.1 Climate change and variability

Climate is the atmospheric conditions (e.g. temperature, solar radiation, precipitation, and
so on) that prevail in a certain area. Climate change refers to the significant and permanent
change of the statistical distribution of weather patterns for any wide range of time scales from
decades to millions of years (May, 2008). Evidence shows that global climate is changing. In
2014, IPCC (Intergovernmental Panel on Climate Change) issued the Synthesis Report (IPCC,
2014) which distils and integrates the findings of Working Groups I, II and III contributions to
the Fifth Assessment Report (ARS). Among the major conclusions of this report are the

following findings:

(1) Many of the changes observed since 1950s have been unprecedented in the past few
decades to thousands of years. The atmosphere and oceans have warmed up, the amount of

snow and ice has decreased, and sea levels have risen.

(2) Since 1850, each of the Earth’s surface temperature of the past three decades has been
sequentially higher than any prior decades. In areas where it is possible to make this assessment
in the Northern Hemisphere, the period of 1983-2012 may have been the hottest 30-year period
in the past 1400 years (medium confidence given in the IPCC report to this conclusion). The
global average of the combination of land and sea surface temperature data which was

calculated by the linear trend indicates a warming of 0.85 [0.65 to 1.06] °C from 1880 to 2012.

(3) Observations reveal that many extreme weather and climate events have changed since
around 1950. Some of these changes are related to human impacts, including an increase in
warm temperature extreme events, a decrease in low temperature extreme events, an increase
of heavy rainfall events in many regions and a rise of extreme high sea levels. On the global
scale, it is highly possible that the number of cold days and cold nights has declined whilst the
number of warm days and warm nights has increased. The frequency of heat waves is likely to

have increased in most parts of Australia, Europe, and Asia.



Over the 100 years from 1910 to 2009, surface temperature of the Australian continent has
risen by just under 1°C, which is more than the global average temperature of 0.7°C for the
same period (Cleugh et al., 2011). Average temperature has warmed by about 0.7°C since the
middle of the 20" century in Australia (Cleugh et al., 2011). This trend is continuing: the past
decade (from 2000 to 2009) was the hottest decade on record in Australia (Cleugh et al., 2011).
The precipitation also changes significantly since 1900 and especially since 1950 in four
regions: northeast Australia, southeast Australia, northwest Australia, and southwest Australia
(Keenan and Cleugh, 2011). During the ‘Big Dry’ (Sohn, 2009) or Millennium Drought which
is in the period from 1995 to 2009, southeast Australia experienced the most severe drought in
the last 120 years of instrumental records (Ummenhofer et al., 2009). The temperature over
Australia is projected with a 1.0 to 5.0°C rise by the year 2070 (compared to 1990) using CMIP5
models and the climate projections also include a long-term drying in southern regions in winter,
particularly in the southwest (IPCC, 2013). Extreme events are predicted to occur more

frequently with the continuity of the global warming (Head et al., 2014).
2.1.2 Land use/cover change

Land use/cover change has attracted increasing attention of scholars worldwide since 1990.
Recognizing this change is directly associated with human activities, which is the dominant
factor in global change (Xiubin, 1996). Land use/cover change contributes greatly in land-
atmosphere interaction and biodiversity loss, and is a main factor affecting sustainable
development (Turner et al., 1995). Land use/cover change can influence biodiversity, global
carbon budgets, and ecosystem function directly (Aide et al., 2013). The increased land surface
net energy flux due to deforestation and other types of land use/cover change has been a
significant forcing on global climate in the last 200 years (Brovkin et al., 2006). The radiative
forcing estimated globally caused by land use/cover change is —0.2 (£0.2) W m 2 (IPCC, 2007).

In last decades, many regions of the world have experienced extensive land use/cover
change (Schirpke et al., 2012). Although the net reduction of global natural forest area slowed
down between 2000 and 2010 (Meyfroidt and Lambin, 2011), deforestation is still one of the
main processes of land use/cover change with numerous impacts on global environment change
(Lambin and Geist, 2008). During the past two decades, in the process of rapid urbanization, a
great number of natural lands such as forests and wetlands have been exploited and developed
into farmland or human settlements in China (Song and Ding, 2009; Yu et al., 2011). In the
first decade of the 21* century, massive deforestation happened in Caribbean and Latin America,
but an increase in >360,000 km? of woody vegetation also occurred throughout the area (Aide

et al., 2013). Around 30% of the entire forestland is under pressure of rapid land use/cover



change in North-East India, which is recognized as one of the biodiversity hotspots worldwide

(Lele and Joshi, 2009).

In Australia, 45% of the indigenous woodland had been cleared in the Comet catchment
in the mid-1960s and clearing reduced native woodland cover from 83% to 58% in the Upper
Burdekin catchment during the period from 1998 to 2009 (Pefia-Arancibia et al., 2012). After
the European land use for two centuries, an extensive transformation and disturbance has
occurred in the indigenous ecosystems of Australia (Hobbs and Hopkins, 1990; McKeon et al.,
2004). About 15% of this continent was cleared or severely transformed, which centered on the
intensive land use area in southeastern and southwestern Australia (IPCC, 2007). Massive
grazing covers about 43% of this continent and concentrated cropping and improved pastures
cover approximately 10% (IPCC, 2007). A large amount of the vastly grazed land has been
influenced by periods of pasture and soil degradation followed by fractional recovery, primarily
driven by favorable climate conditions (McKeon et al., 2004). Most of the grazed land has
experienced a series of increased grazing pressure over favorable climate episodes in the last
200 years, followed by long-term drought episodes with high interference to pasture and soil
conditions. Due to the land fragility and a highly variable climate in this continent, land
use/cover change and land management practices are extremely important to future vegetation,

soil, and water resources in Australia.
2.2 Downscaling methods

2.2.1 Change factors (CFs)

Over recent decades, there has been increasing interest in modelling runoff response
studies in various river basins and countries (Chiew et al., 1995; Menzel and Biirger, 2002;
Chen et al., 2007; Maurer, 2007; Chen et al., 2012; Gosling et al., 2017). Most research studies
focus on runoff and studies on other water balance components such as actual
evapotranspiration and soil water are rare. In most of those studies, GCMs have become the
main tools available to simulate climate at global and regional scales. Nevertheless, GCMs
simulated climate data are usually too coarse and cannot be directly used in hydrologic
simulations. Thus, it is necessary to use downscaling methods to convert large-scale GCMs

outputs to catchment-scale climate variables.

In the recent decades, a variety of downscaling approaches have been used for converting
the large-scale GCMs simulations to catchment-scale climate variables (Gordon and O’Farrell,
1997; Diaz-Nieto and Wilby, 2005; Ahmed et al., 2013). Change factors (CFs) methodology,
the most straightforward and simplest method, is often used for strategic-scale evaluations of

climate change and variability influences whereby future climate change and variability



predicted by GCMs are used in the baseline climatology (Diaz-Nieto and Wilby, 2005). The
differences between the control and future GCMs simulations are used in baseline observations
by just scaling or adding the average climatic CFs to each day (Fowler et al., 2007). The
production of climate scenarios is made up of two steps in the simple methods. First, estimate
mean annual changes in temperature and precipitation with GCMs simulated baseline and
future estimates (e.g., AT = +1, +2 and +4°C and AP = 0, +£10%, £20%). Second, adjust the
historical temperature and precipitation sequences by adding AT and multiplying the values by
(1 + AP/100) respectively to obtain the local scaled future values (Xu, 1999). Though CFs can
be rapidly used in GCMs to generate a series of climatic scenarios, there are some caveats about
this method. For example, CFs assume that GCMs project relative changes more accurately
than absolute changes (i.e., assuming a stable bias through time). In addition, this approach only
scales the average, maximum, and minimum of climate variables, neglects the variability
changes, and assumes that the climatic spatial pattern remains unchanged (Diaz-Nieto and
Wilby, 2005). Moreover, there is no change in the temporal sequence of wet days for
precipitation, so the method may not be helpful when changes in dry and wet spells are critical

to climate change and variability impacts assessments (Anandhi et al., 2011).
2.2.2 Dynamical and statistical downscaling

Another two basic downscaling methods exist to downscale the large-scale GCMs outputs
to a more precise spatial resolution: the first one is dynamical downscaling which includes the
precise solving of the system’s process-based physical dynamics, and the second one is

statistical downscaling that employs identified system relationships based on observed data.
2.2.2.1 Dynamical downscaling

RCMs (regional climate models) or LAMs (limited area models) are used in dynamical
downscaling to derive finer resolution outputs under GCMs’ large-scale and lateral boundary
conditions (Fowler et al., 2007). This method can realistically simulate regional climatic
features such as daily and seasonal variations of precipitation under different climatic
conditions (Zhang et al., 2003), orographic precipitation (Frei et al., 2003), regional scale
climatic anomalies and nonlinear effects (Leung et al., 2003), and extreme climatic events
(Fowler et al., 2005; Frei et al., 2006). Dynamical downscaling has the ability to produce finer
resolution information from GCMs outputs which can resolve atmospheric processes at smaller

scales based on physical consistent processes (Fowler et al., 2007).

However, this method is highly computational demanding, is expensive to run as global
GCMs (Wilby and Wigley, 1997), and is confined to ‘time slices’. For instance, most RCMs

are run normally for a 30-year period from 2070 to 2100, which makes climate change and
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variability impacts for other time periods hard to evaluate (Fowler et al., 2007). In addition,
dynamical downscaling methods tend to inherit systematic biases from GCMs and strongly
depend on the presence and strength of forcing at regional scale such as vegetation cover, land-

sea contrast, and orography (Fowler et al., 2007).

From previous studies, dynamical downscaling is often more skillful in New Zealand,
western U.S. and Europe, where topography impacts on precipitation and temperature are
prominent, than in areas such as China, the U.S. and Great Plains where regional forcing is
weaker (Wang et al., 2004). Dynamical downscaling generated more realistic estimates of
hydrologic impacts in mountainous areas such as the western U.S. derived from an ensemble
of climate simulations at regional scale (Leung et al., 2002). This method can also produce
improved simulations of higher moment climatic statistics (e.g., extreme climatic variables such
as extreme high/low temperatures and intense precipitation) for the control climate, and thus
generate more reasonable climate scenarios for climate variability and extreme events at the
local scale (Wang et al., 2004). Since human society is more vulnerable to changes of the
intensity or frequency in extreme climatic events (such as floods, droughts, and heat waves)
rather than moderate climate states, dynamical downscaling will remain as a crucial
downscaling method for providing regional climate information to assess climate change and

variability impacts.
2.2.2.2 Statistical downscaling

The second method, statistical downscaling method, is less computationally demanding.
In this method, regional-scale atmospheric predictor variables (e.g., area mean temperature and
precipitation) and circulation characteristics (e.g., average sea-level pressure and vorticity) are
linked to station-scale climatic sequences (Kim et al., 1984; Karl et al., 1990; Wigley et al.,
1990). Statistical downscaling approaches are commonly categorized into three groups (Wilby
and Wigley, 1997), namely: regression approaches (Wigley et al., 1990), weather pattern-based
methods (Lamb, 1972; Bardossy and Plate, 1992; Wilby, 1995), and stochastic weather
generators (Richardson, 1981; Wilks, 1992; Katz, 1996). A range of methods included in each
of the groups all rely on the basic concept that regional climate is primarily a function of large-

scale atmospheric condition (Fowler et al., 2007).

The main advantages of statistical downscaling are: (1) it is relatively low-cost and
computationally efficient; (2) it can produce point-scale climate variables from GCMs’ large-
scale outputs; (3) it can be applied to provide variables which are not accessible from RCMs;
(4) it is easily transferable to other regions; (5) it can incorporate observations directly into
methods; and (6) it is based upon standard and accepted statistical procedures (Fowler et al.,

2007). Due to such advantages, statistical downscaling methods have been widely adopted in
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regional climate change and variability impacts assessment, particularly in the hydrologic
response assessment (Hay and Clark, 2003; Wood et al., 2004; Chen et al., 2012). However,
this method also has disadvantages: (1) it requires long and reliable observed sequences for
calibration; (2) it depends on the selection of predictors; (3) it has non-stationarity in the
predictor-predictand relationship; (4) climate system feedbacks are not included; (5) it is
dependent on GCMs boundary forcing and influenced by bias in underlying GCMs; and (7)

climatic area, domain sizes, and seasons influence downscaling skill.

Combinations of weather generators and statistical downscaling techniques have been
used in improving the realism of the downscaled data. Zhang (2007) downscaled monthly
GCMs temperature and precipitation to a specific site using a spatial transfer function and then
adopted a Richardson-type weather generator to produce daily climate sequences based upon
the spatially downscaled monthly GCMs outputs. Liu and Zuo (2012) used an inverse distance-
weighted interpolation approach to downscale monthly GCMs outputs to specific sites, then a
bias correction procedure was used for the monthly GCMs values of each site and daily climate
projections for each site are produced by using a stochastic weather generator, WGEN. These
approaches bridge the spatiotemporal gaps between the coarse resolution of GCMs projections
and finer resolution of data requirements of hydrologic models, which can be used for
assessments of climate change and variability impacts on water resources using hydrologic

models.

2.3 Climate change and variability and land use/cover change impacts on water

cycle

One of the key impacts of a warming climate will be on water resources (Gosling et al.,
2017). It is widely acknowledged that climate variability will impact streamflow regimes
worldwide. In the recent past, hydrological response to global climate change and variability
has been widely discussed. Global climate change and variability is intensifying hydrologic
processes as the temperature rises (Huntington, 2006; Oki and Kanae, 2006). Changes in mean
precipitation of a warmer world are projected to exhibit substantial spatial variation under the
RCP8.5 scenario. Average precipitation is predicted to rise in some areas while decrease in
other regions, and yet others are projected to have no significant changes at all (IPCC, 2013).
The global mean sensitivity of the 20-year return value for the annual maximum daily
precipitation varies from 4% °C' (mean value of CMIP3 models) to 5.3% °C! of local
temperature rise (mean value of CMIP5 models) with regionally wide diversification (IPCC,
2013). Annual surface evaporation will rise as world temperature goes up across most of the
ocean and will shift over land following a similar mode as precipitation. By the end of the 21*
century under the RCP8.5 scenario, annual runoff is predicted to decline in parts of the Middle
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East, southern Africa, and southern Europe, while annual runoff is predicted to increase in the
high northern latitudes, and in agreement with the great increases in winter and spring
precipitation there. By the end of the 21% century, soil moisture is predicted to decrease in
regional to global-scale and the risk of agricultural drought is projected to increase in presently

dry areas with medium confidence under the RCP8.5 scenario (IPCC, 2013).

Changes in land use/cover will bring dramatic effects to the structure and function of the
earth ecosystems, such as the contamination of the soil surface and groundwater in the
hydrological cycle (Honisch et al., 2002). The land use/cover change impacts on water cycle
mainly include impacts on water quantity, water quality, and rainfall-runoff relationship.
Watershed land use/cover change, such as urbanization, crop cultivation, deforestation,
afforestation, and reduction of wetlands and floodplain, have profoundly affected all the
processes or links of the water cycle. Runoff can reflect the ecological status of the whole
drainage basin and can also be applied to predict the land use/cover change impacts on water
resources in the future. Therefore, the research of land use/cover change impacts on hydrologic

cycle mainly focuses on the impacts on runoff.

At the regional scale, urbanization is the most dramatic land use/cover change caused by
human activities. Study of urbanization impacts on runoff mainly focuses on the following
aspects: verify the hydrological theory that urbanization will lead to increase in runoff, the
impacts of the ratio, attributes and configuration of the impervious area on runoff, impacts of

urbanization on groundwater and so on (Jacobson, 2011).

At the global scale, deforestation and afforestation are the most important drivers of land
use/cover change that affect hydrological processes (Calder and Maidment, 1992). In
hydrologic response to land use/cover change studies, forest hydrologic impacts have received
much attention, particularly the influence of deforestation and afforestation on hydrological
cycle. Extensive research has been undertaken to understand the hydrological role of vegetation
(Horton, 1919; Penman, 1963; Turner, 1991). It has been established that decreases in forested
land area will lead to an increase in average runoff (Bruijnzeel, 1989). Studies in many
catchments has shown that conversion of forested land to cultivated land (dry crops) or
grassland will lead to an increase in runoff, storm flow, peak discharge, and peak flow velocity,
and a decrease in the time at which the flood level reaches its peak (Calder et al., 1995; Fohrer
et al., 2001; Roo et al., 2001; Thomas and Megahan, 2001). Deforestation (especially on
highland) increases the intensity and frequency of downstream flooding (Richey et al., 1989).
From extensive previous studies, infiltration, groundwater recharge, and total annual water
yield had a proportional increasing trend to the area of forest removed on small (i.e., <1 km?),

mostly moderate experiment catchments (Bonell and Bruijnzeel, 2005; Brown et al., 2005;
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Aijm and Keenan, 2007; Peel, 2009). However, there are many arguments about the forest’s
impacts on hydrological cycle, and it is difficult to draw a consistent conclusion between
different catchments, especially between the catchments with large areas (Bruijnzeel, 1990).
The main reason for this may be that the diversified land use/cover types and the great spatial
and temporal differences of precipitation in large scale catchments will lead to the non-obvious
hydrological response to forest land change (Costa et al., 2003). For example, Wilk et al. (2001)
found no variation in average annual streamflow in a big catchment of northeast Thailand after
63% of the original forest cover was removed. But this also occurs in small catchments. For
instance, Zhou et al. (2010) found that streamflow did not decrease as would have been
concluded based on the experiments of small catchments after 37% afforestation in Guangdong
Province in China. Bruijnzeel (1990) analyzed hydrological response to deforestation of moist
tropical forests and concluded that selective slight deforestation (< 20% loss of biomass) had
very little impacts on runoff and deforestation of natural forest may result in considerable

increase in water yield.

Catchment land use/cover change is characterized by the mutual transformation and
shifting of different land use/cover types, the expansion or transformation of a certain land
use/cover type must be accompanied by the reduction of one or several other land use/cover
types. Therefore, land use/cover change impacts on water balance components in a catchment
is the comprehensive impacts of change of multiple land use/cover types. The study of Lahmer
et al. (2001) showed that when cultivated land was converted into grassland, dry grassland or
meadow grassland, the hydrological process did not change significantly in a medium or large
scale basin and its sub-basins, and the reason is that the hydrological effects of these land
use/cover patterns are similar under mild climate conditions. Land use/cover change impacts
on runoff is also related to the proportion of land use/cover change area to the catchment area,
the land use/cover change location in the catchment and so on. Eckhardt et al. (2003) found that
in the circumstance of a change between pasture and forest and with respect to mean streamflow,
the minimum proportion of land use/cover change area to the catchment area to derive
significantly obvious model responses amounts to at least 25%. The land use/cover change
impacts on runoff are significant, although the conclusions are significantly different because
of the differences in climate, vegetation types, and natural geographical features such as

catchment areas, river systems, and so on.

2.4 Research methods of hydrologic response to climate and land use/cover

changes
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2.4.1 Research methods of hydrologic response to climate change and variability

At present, the research methods evaluating climate change and variability impacts on the
water cycle fall into three main categories: (1) using statistical methods to detect the
relationship between hydrologic factors and climatic variables; (2) using hypothetical climatic
scenarios (such as increase temperature or rainfall) to evaluate the sensitivity of hydrologic
factors to climate change and variability; and (3) assessing climate change and variability
impacts on hydrology using hydrologic models and future climate projections from GCMs (Fan
and Cao, 2008). These methods basically conform to the pattern of ‘future climate scenarios
production- hydrological simulation - impacts research’, in which the build of hydrological

models and the generation of future climate scenarios are the most important.

Future climate scenarios are reasonable descriptions of future climate variables at
appropriate temporal and spatial scales, which are based on a series of scientific assumptions.
At present, there are three common methods to derive future climate scenarios: (1) arbitrary
hypothetical scenarios method (Nash and Gleick, 1991); (2) time series analysis method (Jiang,
2011); and (3) GCMs method (Reshmidevi et al., 2018). GCMs are the primary tools usable for
regional and global climate simulations. Specific introduction about GCMs and downscaling

methods have been discussed in detail in chapter 2.2.

To simulate historical and future runoffs and assess the climate change and variability
impacts on runoff, downscaled climatic variables are often used as input data to hydrologic
models (Chang and Jung, 2010; Vaze and Teng, 2011; Ruelland et al., 2012). In such hydrologic
modelling, hydrologic models are usually first calibrated with historical runoff data, then the
hydrologic models are run with downscaled future climate data using the same optimized
parameters, and the impacts of climate change and variability on runoff are evaluated with the
simulated historical and future runoff (Chiew et al., 2009; Reshmidevi et al., 2018). In this
process, according to previous studies, the use of only one GCM has been detected as a main
contributor to the whole uncertainty (Wilby and Harris, 2006; Jie et al., 2011). Uncertainties
caused by Green House Gas emission scenarios and the structure of hydrological models have
been detected to be the least important (Wilby and Harris, 2006; Minville et al., 2008; Jie et al.,
2011; Woldemeskel et al., 2012). As a result of the enormous uncertainty caused by the
selection of only one GCM, multi-GCMs ensemble has been used in lots of recent studies
(Tebaldi and Knutti, 2007; Knutti et al., 2010; Zhang and Huang, 2013) and multi-GCMs mean
seems to provide superior simulation for climate variables than only one GCM (Knutti et al.,

2010; Zhang and Huang, 2013).

Both the global-scale and local-scale (catchment) models can be adopted to assess

hydrological response to climate change and variability. Global-scale models produce
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comparatively global overviews of hydrological response to climate change and variability
which is usually not reliable at the local scales, where the climate change and variability impacts
exist and corresponding suitable adaptation strategies should be scheduled and implemented.
Consequently, climate variability impacts should be done properly using river-basin models at

regional scale (Krysanova and Hattermann, 2017).
2.4.2 Research methods of hydrologic response to land use/cover change

Land use/cover change impacts on the hydrological cycle is mainly reflected in the change
of water quantity, water fluxes (e.g., ET and runoff), and water quality. The differences in
spatial distribution of evapotranspiration caused by different land uses/covers will have impacts
on the hydrological cycle (Mao and Cherkauer, 2005). Compared with the long-term
characteristic of climate change, land use/cover change is one of the major driving factors for
hydrologic changes in the short term. It impacts the hydrological cycle by influencing canopy

interception, infiltration, evapotranspiration, and surface runoff.

Usually, three major approaches are used to analyze land use/cover change impacts on
hydrology and water resources quantitatively: (1) “paired-catchment” experiment approach; (2)
runoff time series analysis approach; and (3) hydrologic model approach (Guo et al., 2012).
Two catchments with similar climate, area, shape, vegetation, and soil will be chosen and
observed in the “paired-catchment” experiment approach. Commonly, the first 3-5 years (better
if include wet, normal, and dry years) are the correction period without any experiment
treatments. Then, the land cover of one of the catchments will be altered artificially with other
conditions remain unchanged. The other catchment, referred to as the “reference catchment”,
will remain its initial state. After a period of observation, land use/cover change impacts on
water quantity will be analyzed quantitatively with the comparison of the runoffs in two
experiment catchments. The advantage of this method is that it can eliminate the error caused
by climate change and variability during the observation period, but its disadvantage is that it
can only be studied in the experimental areas with catchment area generally less than 100 km?.
The second statistical analysis of runoff time series method in a single catchment can be applied
to examine the changing trend of hydrological and meteorological sequences, but the spatial
heterogeneity of the catchment and the mechanism of land use/cover change on hydrological
cycle could not be derived. Since 1970s, hydrologic models are more commonly used in land
use/cover change impacts on water cycle studies with the development of computer science,
Geographic Information System, and Remote Sensing technology. The advantages of
hydrologic models are that spatial heterogeneity and hydrological process would be considered,

and land use/cover change impacts could be simulated continuously. Therefore, how to build
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distributed hydrologic models to evaluate land use/cover change impacts on water resources is

a question that must be deeply studied.
2.5 Watershed potential evapotranspiration models

Evapotranspiration is one of the principal components in the water balance equation, and
its reasonable calculation will directly affect the water balance in a catchment. Catchment
evapotranspiration is generally dominated by soil evaporation and plant transpiration.
Catchment evapotranspiration data are mainly obtained from a few evaporation gauge stations,
and areal evapotranspiration are derived from point observation data. In this way, the impacts
of topography and different land use/cover types on catchment evapotranspiration are not
considered, resulting in the error of catchment evapotranspiration data as input into
hydrological model. Nowadays, distributed hydrological model, in which the catchment can be
divided into different grid elements according to topography, land use/cover, and soil types,
has become one of the most important methods in hydrological simulation. Therefore, how to
make reasonable estimation of catchment evapotranspiration using meteorological data, land

use/cover, and soil data when the observation data is scarce is a hot research issue at present.

The process of watershed actual evapotranspiration is extremely complicated and
reasonable estimation relies on the availability of data pertaining to climatic conditions, crop
water demand, soil moisture, land use/cover, and soil texture (Morton and Morton, 1983).
Evapotranspiration is closely linked with vegetation characteristics. Vegetation is one of the
three kinds of natural land surface in the return of rain to the atmosphere, and the other two
surfaces are bare or fallow soil and open water (Penman, 1948). The role of vegetation in the
hydrological cycle has been researched for several decades (Horton, 1919; Wicht, 1941;
Penman, 1963; Bosch and Hewlett, 1982; Turner, 1991). Two categories which are “paired-
catchment” experimental techniques and “‘single-catchment” water balance research were both
applied to derive sources of information on water balance related to vegetation change (Zhang
et al., 2001). The results of “paired-catchment” experiments (Bosch and Hewlett, 1982)
revealed that there were large differences in catchment responses to vegetation cover changes.
Nevertheless, one clear conclusion was that the decrease of forest cover would increase water
yield through decreasing evapotranspiration. The “single-catchment” water balance research
was not designed particularly to assess water yield response to vegetation changes. However,
these studies can provide helpful information concerning the hydrologic role of vegetation as
they represent catchments with various climates, vegetation, and soils. Based on these studies,
some empirical relationships were established correlating evapotranspiration with vegetation
types at specific sites (Holmes and Sinclair, 1986; Turner, 1991). However, the suitability of

these empirical relationships for other catchments requires evaluation (Zhang et al., 2001). In
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2001, Zhang et al. (2001) established a two-parameter model to link average annual
evapotranspiration with potential evapotranspiration, rainfall, and plant-available water
capacity, this model is scientifically justifiable and has potential application in land use/cover

change research.

Potential evapotranspiration is usually first calculated in watershed hydrological models,
and then actual evapotranspiration is calculated according to potential evapotranspiration which
is related to parameterization schemes of soil, vegetation, and other factors. Heat balance
method and aerodynamic methods are two basic methods to calculate potential
evapotranspiration. In 1948, based on energy and aerodynamic basis, Penman (1948) combined
the two basic methods and proposed a water surface evaporation formula with definite physical
mechanism, that is, the Penman formula. The Penman formula can avoid direct measurement
of water surface temperature, and only the conventional meteorological data (such as sunshine
hours, temperature, absolute humidity, and wind speed) are needed to calculate evaporation, so
this formula is widely used. The disadvantage of this formula is that it does not calculate the
water produced by plant transpiration into the atmosphere. In 1965, Monteith (1965) improved
Penman formula by adding the concept of leaf stomata opening and water vapor diffusion
resistance from leaves and the famous Penman-Monteith formula is obtained by using
aerodynamic resistance to describe the turbulent diffusion and using canopy stomatal resistance
to describe molecular diffusion. In the early days, the Penman-Monteith formula could only be
used for single point evapotranspiration calculations. Since 1960s, the rapid development of
computer technology and geographic information technology provide very effective technical
means to calculate watershed spatial distribution of evapotranspiration and many researchers
began to study the calculation of watershed evapotranspiration (Ma et al., 2012; Ruhoff et al.,
2012; Tian and Martinez, 2012). The Penman-Monteith formula is a typical single layer
structure formula for evapotranspiration calculation which assumes that all the exchange of
energy and substance occurs in a horizontal plane between the canopy of the vegetation and the
upper atmosphere. Many scholars have questioned the evapotranspiration model with single
layer structure, Tanner and Fuchs (1968) thought that the exchange of energy and substance
could occur in any part of the vegetation canopy, and not just focus on a hypothetical plane.
Therefore, multilayer evapotranspiration model began to attract the attention of many scholars.
The earlier multilayer evapotranspiration models include the Waggoner-Reifsnyder model
(Waggoner and Reifsnyder, 1968), however, this model is only suitable for densely and evenly
distributed forest areas. After that, Goudriaan and Waggoner (1972) modified the Waggoner-
Reifsnyder model by increasing the calculation of soil evaporation to enable the multilayer
evapotranspiration model to calculate the soil evaporation under different vegetation coverage.

However, the multilayer evapotranspiration model also has some obvious disadvantages, for
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example, the model contains many calculation equations and requires a large amount of data
input which make it more complex and not applicable in engineering applications. Therefore,
since 1980s, many researchers have simplified the multilayer evapotranspiration model to
derive the simplified model called dual source evapotranspiration model. Shuttleworth and
Wallace (2009) established a two-layer evapotranspiration model to calculate sparse vegetation
transpiration and soil evaporation, this model can calculate energy balance of vegetation canopy
and soil respectively, and the impacts of leaf area index (LAI) and soil water content on
evapotranspiration are considered for the first time. Lafleur and Rouse (1988) compared the
Penman-Monteith formula with the Shuttleworth-Wallace model and found that the simulation
result from two-layer Shuttleworth-Wallace model was better than the single layer Penman-
Monteith formula. Based on the Penman-Monteith formula, Choudhury and Monteith (1988)
developed a dual source evapotranspiration model and validation indicated that the simulation
results were consistent with the observation evapotranspiration. In 2004, MO et al. (2009)
improved the dual source evapotranspiration model which based upon the Penman-Monteith
formula to enable the model to calculate watershed actual evapotranspiration. Therefore, dual
source evapotranspiration model has become widely used in the calculation of watershed
evapotranspiration. Remotely sensed data can provide spatially and temporally continuous
information of the land surfaces such as leaf area index, vegetation types, and vegetation indices.
Thus, there has been considerable effort to estimate the distributed evapotranspiration using
such remotely sensed data. In 2008, a simple biophysical model was introduced into surface
conductance to modify the Penman-Monteith formula and use remotely sensed leaf area index
to estimate daily mean evaporation at kilometer spatial resolution (Leuning et al., 2008).
Moreover, downscaled high quality MODIS LAI was integrated into an improved plant growth
model in SWAT and high accuracy in streamflow validation in the subtropics was reported by
Ma et al. (2019). Therefore, how to integrate remotely sensed leaf area index into

evapotranspiration models have become a hot project worthy of study.
2.6 Distributed hydrological models

Hydrological phenomena in nature are complex. Many factors interact in determining the
different fluxes in the hydrological cycle. By far, it is impossible to observe all relevant factors
of hydrological phenomenon, and unable to describe the causal relationship among each factor
in hydrological phenomena using strict physical laws. So, there are still many problems
unresolved and strict hydrological rules are still waiting for people to understand and explore.
With the gradually increased understanding and researching of the causal relationship among
each factor in hydrological phenomena, complex hydrological phenomena are generalized

(with minor and stochastic factors ignored) and the main factors and basic laws are retained.
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Mathematical-physical models with certain physical meanings are then established and called
“hydrological simulation”. The simulated hydrological phenomena are called prototypes, and
simulation is the generalization of the mathematical, physical, and logical aspects of the
prototypes. Therefore, the watershed hydrological model is a mathematical structure
established to simulate the catchment hydrological process and the first step in hydrological

simulation is to develop a hydrological model.

According to the discrete degree of watershed hydrological simulation, watershed
hydrological model can be divided into two groups: lumped hydrological model and distributed
hydrological model. The lumped hydrological model takes the whole catchment as an entirety
to carry out hydrological simulation. Such models do not consider the impacts of factors such
as spatial distribution of precipitation and different land surface conditions on hydrological
simulation and use the mean values of the entire catchment as the parameters of the hydrological
model. Such models require less and simple input data, but the disadvantage is that the impacts
of spatial distribution of precipitation and different land surface conditions on runoff production
and flow concentration are not considered. However, the simulation results of such models are
relatively superior in small-area catchments. Traditional lumped hydrological models include:
the Xinanjiang model (Zhao, 1992), Shanbei model, Sacramento model (Burnash et al., 1973),
and the tank model (Ismail et al., 1997). In 1969, Freeze and Harlan (1969) published a paper
together and proposed physically-based hydrological models with distributed structure for the
first time, and it was a prelude for scholars to study distributed hydrologic models. Distributed
hydrologic models can capture the spatial distribution of input variables and physical
parameters such as precipitation, land use/cover, topography, and soil by dividing the
catchment into many smaller computing units. In addition, the distributed hydrological models
can simulate the spatial changes of hydrological process, but they need quality and intensive
data and require greater simulation and calibration time. In the early 1970s, the development of
distributed hydrological model fell behind lumped hydrological model because of the limitation
of technical means and data. At that time, the distributed hydrological model could only be
sketched as a blueprint or carried out under some experimental catchments. At the end of 1970s
and early 80s, with the rapid development of computer and geographic information system,
especially with the continuous improvement of the technology of geographic information
system, the watershed underlying surface conditions such as topography, soil, and land
use/cover can be input accurately into each computing unit in the distributed hydrological
model. Therefore, the distributed hydrological model has been developed rapidly and its
advantages are also gradually emerging compared with the lumped hydrological model. In 1979,
BEVEN and KIRKBY (1979) proposed the TOPMODEL in which the watershed topographic

index is calculated using digital elevation model (DEM) and this topographic index can
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dynamically reflect the influence of different underlying surface conditions on the water cycle
in the whole catchment. The advantages of TOPMODEL are that its parameters have clear
physical meaning and it can simulate the hydrological process in ungauged areas, but this model
is not a strictly distributed hydrological model because the impacts of the spatial distribution of
rainfall and evapotranspiration on watershed hydrological cycle are not considered in this
model. From the beginning of 1980s, SHE (Abbott et al., 1986), a catchment model produced
and improved together by the British Institute of Hydrology, the Danish Hydraulic Institute,
and SOGREAH (France), is regarded as the first distributed hydrological model in the strict
sense. This model divides the catchment into many grids to realize the spatial distribution of
rainfall and parameters, and this model can be used for water quantity, water quality, and
sediment simulation. In the 1990°s, Morris built a hydraulics-based distributed hydrological
model named THDM (Wood, 1996). This model calculates overland flow using hydraulic
method by some characteristics of watershed hillslope structure. In 1994, Dr. Arnold from the
United States department of agriculture worked with the American Agricultural Research
Center to develop the SWAT model (Arnold and Fohrer, 2005). This model combines the
geographic information system and divides the whole catchment into different hydrological
response units, each unit separately calculates water quantity, water quality, and sediment and
has its corresponding parameters. Furthermore, THALES model (Adams et al., 2012), USGS
model (Rose and Peters, 2001), SLURP model (Viney et al., 2009), WATFLOOD model (Toth
et al., 2006), and PRM model (CHEN et al., 2009a) are all distributed hydrological models. To
summarize, distributed hydrological models have become one of the hot topics in current

hydrological research.
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Chapter 3. Hydro-meteorological characteristics and climate elasticity of

catchments under different climatic conditions

Abstract

Runoffis affected by underlying surface conditions, climate, and human activities. Driving
factors and their impacts on runoff require detailed identification to provide a hydro-climatic
foundation for drought-flood control and water resources management. First, the Mann-Kendall
trend test, Mann-Kendall abrupt test, and wavelet analysis methods were applied to derive trend,
mutation, and periodical characteristics and qualitatively identify relationships between the
hydrologic and climatic factors in four Australian catchments (Wooroloo Brook,
Murrumbidgee, Manning River, and North Johnstone) with different climatic conditions as case
studies. Then linear regression analyses and climate elasticity (Budyko hypothesis) were used
to quantitively identified the driving factors (i.e., temperature, precipitation, net radiation,
relative humidity, wind, and human activity) and their impacts on runoff. Results showed
significant trends of decreasing runoff in the Wooroloo Brook (1977-2017) and Murrumbidgee
catchments (1975-2014). Based on a wavelet analysis, almost all climatic and hydrologic
variables exhibited similar high frequency cycles (notable but not significant (95% confidence
level)) of about 2-4 years. According to correlation analyses between annual hydrologic and
climatic factors, runoff displayed the greatest correlation with rainfall in almost all catchments
except the Murrumbidgee catchment while FAO56 potential evapotranspiration showed a
greatest negative correlation with relative humidity and greatest positive correlations with
maximum temperature and solar radiation for all catchments. According to the Budyko
hypothesis, the order of influencing factors on runoff was: rainfall > parameter n of land
use/cover change > net solar radiation > maximum temperature > relative humidity > wind
speed > minimum temperature for Wooroloo Brook, Murrumbidgee, and North Johnstone
catchments. For the Manning River catchment, the ranking of the influencing factors was:
rainfall > net solar radiation > parameter n of land use/cover change > maximum temperature >
relative humidity > wind speed > minimum temperature. As expected, rainfall is the factor that
most affects runoff, and an increase of 10% in rainfall generated an increase of 24.4% in runoff
according to the average of the four catchments. Furthermore, the fractional contributions from
climate change and variability and human activity to runoff change were 55.5% and 44.5%,
respectively, across the four catchments in Australia. These outcomes provide significant
information for the development of efficient adaptation strategies and effective policy plans for

sustainable water management in Australia in the future.

Keywords: Hydro-meteorological characteristics, climate elasticity, Australia
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3.1 Introduction

Due mainly to climate change and variability and human activity, water resources are
increasingly scarce in most river basins (Vorosmarty et al., 2000; Ye et al., 2013; Brown et al.,
2019). Runoff'is a significant source of surface and groundwater storage recharge and is as well
decreasing in most watersheds (Yang and Tian, 2009). Runoff is affected by underlying surface
conditions, climate, and human activities (Zhi and Dongyong, 2015). Thus, recognizing the
driving factors and their impacts on runoff has always been the focus in hydrologic studies
(Yang and Tian, 2009), and can provide hydro-climatic basis for drought-flood control and

water resources management (Teng et al., 2012a; Zhi and Dongyong, 2015).

Australia is the driest inhabited continent with the lowest river flow in comparison to other
continents, and its mean annual precipitation is about 450 mm (Poff et al., 2006). Therefore,
water is a valuable resource over the country due to its scarcity (Zhang et al., 2016). Zhang et
al. (2016) investigated streamflow variability and trends of 222 high-quality stream gauging
stations in Australia and concluded that annual streamflow in New South Wales, Victoria,
southeast South Australia, southwest Western Australia (SWWA), and northwest Tasmania
displayed significant decreasing trends for most of the gauging stations. Rainfall is the main
factor that affects runoff (Chowdhury and Beecham, 2010; Zhang et al., 2018). The variability
of rainfall in Australia is greater than in elsewhere of the world with similar climates (Nicholls
etal., 1997). This additional variability is largely related to the impacts of the El Nifio—Southern
Oscillation (ENSO) on Australia (Nicholls et al., 1997; Chowdhury and Beecham, 2010). Since
1970s, rainfall in SWWA has decreased by 15-20%, and the inflows to Perth drinking water
reservoirs has declined significantly (Petrone et al., 2010). In addition, many studies have
reported a trend of decreasing rainfall in southeast Australia (Hossain et al., 2013). In addition
to rainfall, evapotranspiration plays a significant role in water and energy balance of the
terrestrial ecosystem, affecting closely connected hydrologic processes such as runoff
generation, soil moisture dynamics, and groundwater recharge (Shan et al., 2015). Any changes
in climatic variables (e.g., air temperature, solar radiation, relative humidity, and wind speed)
will affect evapotranspiration (Shan et al., 2015). Therefore, trend, mutation, and periodicity
characteristics of runoff, rainfall, potential evpotranspiration, and other climate variables like
air temperature, solar radiation, relative humidity, and wind speed will be detected using
statistical analysis methods (e.g., Mann-Kendall trend test method) to help identify the most

relevant climatic variables for runoff.

However, the statistical methods described above can only describe qualitatively the
impacts of different meteorological variables on runoff. Therefore, climate elasticity of runoff,

as a significant indicator to quantify the sensitivity of runoff to meteorological variables, has
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been widely applied to assess the impacts of climate change and variability on water cycle
(Yang et al., 2014). There are hundreds or even thousands of studies are now available
documenting the sensitivity of streamflow to climate for watersheds around the world
(Sankarasubramanian et al., 2001; Chiew, 2006). For instance, Yang and Yang (2011) found
that the precipitation elasticity of 89 catchments was 1.3-3.9 in Hai River and Yellow River
basins in China. Sankarasubramanian and Vogel (2003) used a non-parametric estimator to
record the precipitation elasticity of streamflow in 1337 catchments in the United States.
Results indicated that 1% change in precipitation led to 1.5-2.5% change in runoff, depending
on the degree of buffering by storage processes and further factors. Chiew (2006) estimated
rainfall elasticity of streamflow for 219 catchments in Australia and the results indicated that
the rainfall elasticity of streamflow was approximately 2.0-3.5 (observed in around 70% of the
catchments) across Australia, namely, 1% change in average annual rainfall led to 2.0-3.5%
change in average annual streamflow. However, except for precipitation, other factors such as
climate variables (e.g., temperature, net radiation, relative humidity, and wind) and human

activity also have impacts on streamflow.

There are numerous methods to estimate climate elasticity (Sankarasubramanian et al.,
2001; Fu et al., 2007). Within these approaches, an analysis approach for deriving climate
elasticity of runoff according to Budyko hypothesis is theoretically clear and does not require
a large number of observed climate and streamflow data (Yang et al., 2014). According to the
Budyko hypothesis, Yang and Yang (2011) presented an analytical derivation of climate
elasticity with parameter # used to describe the influence of the catchment characteristics. Yang
et al. (2014) calculated the climate elasticity and assessed the contribution of climate change
and variability to runoff for each of the 210 catchments in China after calculating the parameter
n. Based on Budyko framework, Huang et al. (2016) estimated the impacts of five climate
variables (i.e., temperature, precipitation, net radiation, relative humidity, and wind) on annual
streamflow change in 207 catchments in China. Results showed that the main climatic variables
affecting annual runoff are precipitation in most regions of China, net radiation primarily in
certain catchments in southern China, temperature and wind speed primarily in certain
catchments of northern China. However, as far as we know, few studies have applied the
Budyko framework to specific Australian catchments to study the effects of climate change and

variability and human activity on runoff.

The aim is to identify the driving factors (i.e., precipitation, temperature, net radiation,
relative humidity, wind speed, and human activity) and their impact on runoff in four Australian
catchments with different climatic conditions as case studies. The specific aims of this study

were to: (1) derive trend, mutation, and periodical characteristics of the hydrological and
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meteorological variables using moving average method, Mann-Kendall trend test method,
Mann-Kendall abrupt test method, and wavelet analysis method; (2) illustrate the relationships
between annual hydrological and meteorological variables using regression analysis method;
and (3) quantify the sensitivity of runoff to climate variables and human activity using climate

elasticity as a significant indicator based on Budyko framework.
3.2 Materials and methods

3.2.1 Study areas

A. Wooroloo Brook catchment
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Figure 3-1 The study areas of the 4 catchments and the locations of weather stations and stream
gauging stations.
In this study, 4 catchments, which are mainly located in the east coast, Murray-Darling

basin, and western Australia (Figure 3-1), have been selected to represent the wide range of

climate and streamflow characteristics across Australia.

The Swan-Avon River catchment, covering more than 120 000 km?, is located in the
southwestern Western Australia including parts of the metropolitan area of Perth (Viney and

Sivapalan, 2001). Wooroloo Brook is one of the major tributaries of the Swan River in the Swan
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Coastal basin (CSIRO, 2009). The Wooroloo Brook catchment above Karls Ranch (Figure 3-
1A) was selected as one of the case study areas. The catchment area is around 515 km? and the
elevation ranges from 84 m to 448 m. The annual average temperature is around 17.4°C, annual
average rainfall is about 737.5 mm, and annual average runoff is approximately 75.5 mm (1977-

2016) in this catchment.

The Murrumbidgee River basin is situated on New South Wales and the Australian Capital
Territory. The Murrumbidgee River, the third longest river in Australia and a crucial river in
the Murray-Darling system, flows in a commonly westerly direction before it discharges into
the Murray River. Canberra (Australian capital city) and Wagga Wagga (the largest inland city
of NSW) are the major cities in this catchment. Around 24% of the precipitation in the
Murrumbidgee catchment above Wagga Wagga (27858 km?, Figure 3-1B) appears as runoff
under the mean climate condition, which contributes most of the river flow. The runoff
coefficient is less than 2% below Wagga Wagga gauging station (Wen et al., 2011). Thus, the
Murrumbidgee River catchment above Wagga Wagga gauging station was chosen as one of the

case study areas.

The Manning River catchment, with a temperate climate and summer dominated rainfall,
is situated on the mid north coast of New South Wales (Chiew and Mcmahon, 2002). The area
of the catchment is around 6630 km? and the elevation ranges from 12 m to 1591 m (Figure 3-
1C). For this catchment, the annual mean temperature is around 14.9°C, the annual mean
potential evaporation is around 1305 mm, the annual average rainfall is about 1052 mm, and

the runoff coefficient is about 0.20 (Zhang et al., 2013).

The North Johnstone River catchment (Figure 3-1D) is located on the wet tropics of North
Queensland. The catchment area is approximately 924 km? and the elevation ranges from 18 m
to 1370 m. For this study area, the annual average temperature is around 21.4°C, annual average
rainfall is about 2740 mm, and annual average runoff is approximately 1995 mm (1967-2017).
Rainfall is highly seasonal and 78% of the whole annual rainfall occurs in the wet season
(December to May). Compared to dry tropics, this catchment also receives regular rainfall

across the year.
3.2.2 Observed data

Daily maximum and minimum temperature, rainfall, solar radiation, FAO56 potential
evapotranspiration, and relative humidity from climate stations (Figure 3-1) within or near the
catchments were downloaded from the BOM (Australian Government Bureau of Meteorology)
website (http://www.bom.gov.au/climate/data/). Daily observed discharge at stream gauging

stations also were downloaded from the BOM website (http://www.bom.gov.au/waterdata/).
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Daily wind speed data were collected from the CSIRO data access portal website
(https://data.csiro.au/dap/).

3.2.3 Mann-Kendall trend test

The non-parametric Mann-Kendall test is usually applied to detect monotonic trends for a
sequence of climate, hydrologic, or environmental data (Pohlert, 2016). It is one of the most
commonly used non-parametric test to detect trends and was used in this study to detect trends
in hydroclimatic sequences (Barua et al., 2013). The null hypothesis (Ho) refers to the data from
a population with independent realizations and are identically distributed. The alternative
hypothesis (Ha) refers to the data follow a monotonic trend. The Mann-Kendall test statistic is

estimated based on:

S = Xk21 Limkr159n(X; — Xi) (3-1)
with
1 ifx>0
sgn(x)s 0 ifx=0 (3-2)
-1 ifx<0

The average of S is E[S]=0 and the variance ¢? is
02 = {n(n— 1D(@n +5) - IP_, t;(t; - 1)(2¢; + 5)}/18 (3-3)

where p is the number of the tied groups in the dataset while ¢ is the number of data points
in the jth tied group. The statistic S is approximately normal distributed given that the following

Z-transformation is applied:

= if$>0
Z=1 0 ifS=0 (3-4)
Hofs<o

The null hypothesis (no trend) would be rejected at a certain significance level if |Z] > Z..,
(Zerit 1s the point on the normal distribution which has a probability of exceedance at a certain
significance level). For instance, the null hypothesis would be rejected if |Z] > 1.96 at the 5%
significance level, and the null hypothesis would be rejected if |Z] > 1.645 at the 10%
significance level. Statistically, the larger the Z value, the more significant the trend is (Barua

et al., 2013).
3.2.4 Mann-Kendall abrupt test

The sequential version of Mann—Kendall test is applied to test the hypothesis about the

beginning of a trend in sample X}, . . ., X, from the set of random variable X based upon rank
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sequences of progressive and retrograde rows of this sample (Yang and Tian, 2009). The
magnitudes of X; (annual average time series, j =1, . . ., n) are compared with X; (k=1, .. ., j-
1). The number of cases (X; > X)) is counted and referred as n; for each comparison. The test

statistic

t=Yin (=23..,n) (3-5)

is normally distributed with average as follows

E(t) =22 (3-6)
and variance as follows

Var(t;) = LU0 (3-7)
The statistic U(?) is calculated as follows

U =2 (3-8)

which is the forward sequence, while U'(?) (the backward sequence) is calculated with the

same equation only in the reverse data series.

A null hypothesis will be accepted at a significance level in two-sided trend test if

|U()] < U(t)1-q/2 » Where U(t);—4/, indicates the critical value of standard normal

distribution with the probability exceeds a /2. A positive U(t) indicates an upward trend while
the reverse indicates a downward trend (i.e., U'(?) is similar to U(?)). For this study, a will be
set at 0.05 and 0.1 significant levels. This Mann—Kendall test can detect the approximate time
of trend occurrence from the intersection of the forward and backward curves of test statistics.
The critical point of change is at that period if the intersection is significant at &« = 0.05 or 0.1.
Therefore, the sequential Mann—Kendall test is an effective method by which the beginning of

a trend is identified.
3.2.5 Wavelet analysis

Wavelet method is a reasonable selection to evaluate periodical phenomena of time series,
especially when the potential frequency changes with time. With the increasing interest in the
application of wavelet method, some open-source packages have been brought forth for wavelet
analysis in R. This study uses the package named WaveletComp for continuous wavelet
analysis of hydrologic and climatic sequences. Detailed introduction of wavelet analysis can be

found in the reference (Rosch and Schmidbauer, 2014).
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3.2.6 Climate Elasticity of streamflow

As a crucial indicator to quantify the sensitivity of runoff to climate variables and human
activities, climate elasticity has been frequently applied to assess the hydrological responses to
climate and land use/cover changes (Zhang et al., 2017). There are lots of approaches to
estimate climate elasticity, among which it is theoretically clear to derive climate elasticity of
runoff according to the Budyko hypothesis (Yang et al., 2014). Evaporation can be expressed
as a function of potential evaporation and precipitation for a catchment in a long-term time
scale (Budyko, 1974), which is referred to as the Budyko hypothesis (Yang and Yang, 2011).
The Budyko hypothesis has a few formulae which are referred to as the Budyko-type formulae
(Yang et al., 2014). Integrating Budyko-type formulae such as M-C-Y equation with Penman
Monteith equation, a general partial differential equation was deduced to calculate the fractional

contribution of climate variables and land use/cover change to runoff (Liu et al., 2017b).

The M-C-Y equation is as given below:

_ _ _ PEO _
f(Pl EO' n) =R=P (Pn+Eg)1/n (3 9)

where Ej is the long-term annual mean potential evaporation, P is the long-term annual
mean precipitation, R is the long-term annual mean runoff, and » is the underlying surface
parameter representing the combined effects of the catchment characteristics (e.g., vegetation

type or land use/cover, average slope, and climate seasonality) (Yang et al., 2014).
The Penman Monteith equation is as given below:

900
_ 0.408ARn+]/mU2 (es—ea)
0~ A+y(1+0.34U5)

v€s = [ (Tmax Tmin), €a = f(RH) (3-10)

where Ej is the reference evapotranspiration (mm day™), R, is the net radiation at the crop
surface (MJ m? day™), y is the psychrometric constant (kPa °C™"), T is the daily average air
temperature (°C), e, is the actual vapor pressure (kPa), ¢; is the saturation vapor pressure (kPa),
A is the slope of the vapor pressure (kPa °C™), U is the wind speed at 2 m height (m s™), RH
is the relative humidity, Ty is the daily maximum temperature (°C), and T is the daily

minimum temperature (°C).

The general partial differential equation is as given below:

drR dp n
? = SP?+ ERnR—n-l' ngax

dR dar, AT mi au dRH dn
max mn 4+ EUZ _U 2 + ERH _RH + &n 7 (3-1 1)
2

T .
Tmax min Tm mn

where &p, &g , €7, . €7, ., €uy,, €ru, and &, indicate the elasticity of precipitation,

net radiation, maximum temperature, minimum temperature, wind speed, relative humidity, and

parameter n of land use/cover change to runoff (Liu et al., 2017b).
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The fractional contribution of each impact factor to runoff change and the fractional
contributions of climate change and variability and human activity to runoff variations can be

obtained using the equation in the reference (Liu et al., 2017b) and are as given below:
R
AR, = &, ;Ax (3-12)

where R denotes the long-term annual mean runoff, x is the long-term annual mean of
each impact factor (e.g., rainfall, maximum air temperature, minimum air temperature, net
radiation, land use/cover change, relative humidity, and wind speed. AR, represents the
streamflow changes caused by each impact factor. Ax is the change of long-term annual mean

for each impact factor.

SRciim = AR% * 100%, SRpyum = AR’:“” +100% (3-13)

where 6Rjim (%) and SRy, (%) are the fractional contributions of climate change and
variability and human activity to runoff change. A is the sum of climate- and human-induced

runoff change.
3.3 Results

3.3.1 Trends in hydroclimatic variables

The lengths of runoff time series are different in each catchment, and the lengths of climate
time series (since 1889) are longer than runoff time series. In order to keep consistent with
runoff data, the time periods from 1977-2017, 1908-2014, 1991-2016, and 1967-2017 were
selected to calculate anomalies and to perform the M-K trend test for hydroclimatic variables
in the Wooroloo Brook catchment, Murrumbidgee catchment, Manning River catchment, and
North Johnstone River catchment, respectively. For the Manning River catchment, wind speed
from 1991-2016 was selected to keep consistent with runoff data. For other catchments, wind

speed data available from 1975-2017 were selected.
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Figure 3-2 The trends and variations of annual hydroclimatic variables anomalies (relative to

the average values of 1977-2017) in the Wooroloo Brook catchment from 1977-2017 (1975-

2017 for wind). The dashed line shows a linear trend of the 5-year moving average.
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Figure 3-4 The trends and variations of annual hydroclimatic variables anomalies (relative to
the average values of 1991-2016) in the Manning River catchment from 1991-2016. The dashed

line shows a linear trend of the 5-year moving average.
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Figure 3-5 The trends and variations of annual hydroclimatic variables anomalies (relative to

the average values of 1967-2017) from 1967-2017 (1975-2017 for wind) in the North Johnstone
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River catchment. The dashed line shows a linear trend of the 5-year moving average.

For the Wooroloo Brook catchment, the trends and variations of annual hydroclimatic
variables anomalies from 1977-2017 (1975-2017 for wind) are shown in Figure 3-2. From the
slopes of the trend lines, there was an obvious trend of increasing values in annual maximum
temperature and FAO56 PET, while there was a distinct trend of decreasing values in annual
wind speed and runoff in the recent decades. In addition, according to 5-year moving average
of anomaly, annual maximum temperature and FAO56 PET closely replicated temporal
variation during 1977-2017, in which the continuous time period of 2009-2015 generally

showed the most positive anomaly (high maximum temperature and FAO56 PET). In contrast,
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annual rainfall and runoff closely replicated temporal variation during 1977-2017, in which the
period of 2009-2015 roughly showed the negative anomaly (low rainfall and runoff). These
results indicate qualitatively that potential evapotranspiration (PET) exhibited a positive
correlation with maximum temperature, runoff displayed a positive correlation with rainfall and

a negative correlation with PET and maximum temperature.

The trends and wvariations of annual hydroclimatic variables anomalies in the
Murrumbidgee catchment from 1908-2014 (1975-2017 for wind) are shown in Figure 3-3. Due
to the long-term characteristic of 1908-2014 (107 years), no obvious upward or downward trend
can be detected in all hydroclimatic variables except for a remarkable trend of decreasing values
in wind speed (1975-2017). Besides, according to 5-year moving average of anomaly, annual
maximum temperature, solar radiation, and FAO56 PET closely replicated temporal variation
during 1908-2014, in which the continuous period of 2001-2009 generally showed the most
positive anomaly (high maximum temperature, solar radiation, and FAO56 PET) for the recent
decades, while annual rainfall and runoff showed the negative anomaly (low rainfall and runoft)

in the same period.

For the Manning River catchment, observed runoff data in 1983, 1989, and 1990 are
largely missing while observed runoff data from 1991-2016 are quite complete and continuous.
The trends and variations of annual hydroclimatic variables anomalies in the Manning River
catchment from 1991-2016 are shown in Figure 3-4. From the slopes of the trend lines, there
was an obvious trend of increasing values in annual minimum temperature while there was a
distinct trend of decreasing values in annual wind speed in the period of 1991-2016. In addition,
according to 5-year moving average of anomaly, annual maximum temperature, solar radiation,
and FAO56 PET closely replicated temporal variation during 1991-2016, in which the
continuous period of 2001-2006 generally showed the most positive anomaly (high maximum
temperature, solar radiation, and FAO56 PET). In contrast, annual rainfall and runoff closely
replicated temporal variation during 1991-2016, in which the continuous period of 2002-2006
roughly showed the negative anomaly (low rainfall and runoff). These results indicate
qualitatively that PET exhibited a great correlation with maximum temperature and solar

radiation, while runoff displayed a great correlation with rainfall.

Trends and variations of annual hydroclimatic variables anomalies from 1967-2017 (1975-
2017 for wind) in the North Johnstone River catchment are presented in Figure 3-5. From the
slopes of the trend lines, there was an obvious trend of increasing values in annual maximum
temperature and minimum temperature in 1967-2017. In addition, according to 5-year moving
average of anomaly, annual maximum temperature and FAO56 PET showed the most positive

anomaly (high maximum temperature and FAO56 PET) in the continuous period of 2012-2017.
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In contrast, annual rainfall and runoff closely replicated temporal variation during 1967-2017,
in which the period of 2012-2017 roughly showed the negative anomaly (low rainfall and
runoff).

Table 3-1 Mann-Kendall trend test results for climatic and hydrologic variables at annual time

scale in the Wooroloo Brook catchment.

Mean Solar Relative Wind FAO56 )
Tmax Tmin .. L. Rainfall Runoff
T radiation humidity  speed PET

. 1977-  1977-  1977- 1977- 1977- 1975- 1977- 1977- 1977-
Period (years)

2017 2017 2017 2017 2017 2017 2017 2017 2017

Estimates 0.034 -0.008 0.014 2.759 -0.033 -0.006  2.095 -2.361 -1.194

Statistic 392 -1.179  1.853 1.561 -1.584 -3.977  3.066 -1.202 -2.55

p.value 0 0.238  0.064 0.118 0.113 0 0.002 0.229 0.011
Reliability (0.1) No Yes Yes Yes Yes No No Yes No
Reliability (0.05) No Yes Yes Yes Yes No No Yes No

Table 3-2 Mann-Kendall trend test results for climatic and hydrologic variables at annual time

scale in the Murrumbidgee catchment.

Tinex Tmin  Mean Solar Relative Wind FAO56  Rainfall  Runoff
T radiation humidity  speed PET

. 1975- 1975- 1975- 1975- 1975- 1975- 1975- 1975- 1975-
Period (years)

2014 2014 2014 2014 2014 2014 2014 2014 2014

Estimates 0.03 0.013 0.021 5.319 -0.025 -0.01 1.44 -2.623 -2.174

Statistic 2482 1.643 2.738 1.806 -0.687 -5.627 1.386 -0.967 -2.924

p.value 0.013 0.1 0.006 0.071 0.492 0 0.166 0.334 0.003
Reliability (0.1) No Yes No Yes Yes No Yes Yes No
Reliability (0.05) No Yes No Yes Yes No Yes Yes No

Table 3-3 Mann-Kendall trend test results for climatic and hydrologic variables at annual time

scale in the Manning River catchment.

Mean Solar Relative Wind FAO56

Tnax Tmin L. L. Rainfall Runoff
T radiation humidity  speed PET
. 1991-  1991-  1991- 1991- 1991- 1991- 1991- 1991- 1991-
Period (years)
2016 2016 2016 2016 2016 2016 2016 2016 2016
Estimates 0.013  0.042  0.027 -4.417 0.037 -0.014 0.652 6.063 2.702
Statistics 0.397  3.791 2.292 -0.661 0.617 -4.673 0.264 1.278 0.749
P values 0.692 0 0.022 0.508 0.537 0 0.791 0.201 0.454
Reliability (0.1) Yes No No Yes Yes No Yes Yes Yes
Reliability (0.05) Yes No No Yes Yes No Yes Yes Yes
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Table 3-4 Mann-Kendall trend test results for climatic and hydrologic variables at annual time

scale in the North Johnstone River catchment.

Mean

Solar

Relative

Wind

FAOS56

Tmax Thmin o o Rainfall  Runoff
T radiation humidity speed PET
. 1967- 1967- 1967- 1967- 1967- 1975- 1967- 1967- 1967-
Period (years)

2017 2017 2017 2017 2017 2017 2017 2017 2017

Estimates 0.015 0.018 0.015 2.267 -0.02 0.003  1.011 -6.548 -1.554
Statistic 2.843  3.184 3.509 1.04 -1.007 1.151 1.641 -1.17 -0.114
p.value 0.004  0.001 0 0.299 0.314 0.25 0.101 0.242 0.909
Reliability (0.1) No No No Yes Yes Yes Yes Yes Yes
Reliability (0.05) No No No Yes Yes Yes Yes Yes Yes

The Mann-Kendall trend test results for climatic and hydrologic variables in the Wooroloo
Brook catchment are presented in Table 3-1. Positive values of statistics denote upward trends
while negative values show downward trends of the data sequences (Rashid et al., 2015). From
the statistics and p values in Table 3-1, it is evident that annual maximum temperature, wind
speed, FAO56 PET, and runoff did not pass the MK trend test at two levels of significance
(with absolute statistics values of 3.92, -3.98, 3.07 and -2.55 > 1.96), which means there were
significant trends of increasing values in annual maximum temperature and FAO56 PET while
there was a significant trend of decreasing values in annual wind speed and runoff in the recent

decades.

The Mann-Kendall trend test results for climatic and hydrologic variables in the
Murrumbidgee catchment are presented in Table 3-2. From the statistics and p values in Table
3-2, annual maximum temperature, mean temperature, wind speed, and runoff clearly did not
pass the MK trend test at two levels of significance (with absolute statistics values of 2.48, 2.74,
-5.63 and -2.92 > 1.96), which means there were significant trends of increasing values in
annual maximum temperature and mean temperature while there was a significant trend of

decreasing values in annual wind speed and runoff in the recent decades.

The Mann-Kendall trend test results for climatic and hydrologic variables in the Manning
River catchment are presented in Table 3-3. Table 3-3 shows that there are trends of increasing
values in all hydroclimatic sequences, except in annual solar radiation and wind speed
according to the values of estimates. From the statistics and p values in Table 3-3, annual
minimum temperature, mean temperature, and wind speed clearly did not pass the MK trend
test at two levels of significance (with absolute statistics values of 3.791, 2.292, and -4.673 >

1.96), which means there were significant trends of increasing values in annual minimum

37



temperature and mean temperature while there was a significant trend of decreasing values in
annual wind speed in the recent decades. The estimates presented in Table 3-3 show that the
annual minimum temperature increases 0.042 °C per year while the annual mean temperature
increases 0.027 °C per year. In addition, the annual rainfall increases 6.063mm per year while
the annual runoff increases 2.702mm per year from 1991 to 2016, although the trends of
increasing values in rainfall and runoff are not significant (with statistics values of 1.278 and

0.749 < 1.645) at two levels of significance.

The Mann-Kendall trend test results for climatic and hydrologic variables in North
Johnstone River catchment are presented in Table 3-4. According to the statistics and p values
in Table 3-4, annual maximum, minimum, and mean temperatures did not pass the MK trend
test at two levels of significance (with absolute statistics values of 2.84, 3.18, and 3.51 > 1.96),
which means there were significant trends of increasing values in annual maximum, minimum,

and mean temperatures in the recent decades.
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3.3.2 Mann-Kendall abrupt test
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Figure 3-6 Mann-Kendall abrupt test for annual climatic and hydrologic variables in the

Wooroloo Brook catchment with forward trend UF (black line) and backward trend UB (red
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line). Dotted horizontal lines above (+1.96) and below (-1.96) denote critical values for the 95%

confidence interval (Yang and Tian, 2009).
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Figure 3-7 Mann-Kendall abrupt test for annual climatic and hydrologic variables in the
Murrumbidgee catchment with forward trend UF (black line) and backward trend UB (red line).
Dotted horizontal lines above (+1.96) and below (-1.96) denote critical values for the 95%

confidence interval (Yang and Tian, 2009).
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horizontal lines above (+1.96) and below (-1.96) denote critical values for the 95% confidence

interval (Yang and Tian, 2009).
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Figure 3-9 Mann-Kendall abrupt test for annual climatic and hydrologic variables in the North
Johnstone River catchment with forward trend UF (black line) and backward trend UB (red
line). Dotted horizontal lines above (+1.96) and below (-1.96) denote critical values for the 95%

confidence interval (Yang and Tian, 2009).

The Mann—Kendall abrupt test was applied to graphically display the forward and
backward trends in annual hydroclimatic variables in the Wooroloo Brook catchment for the
period 1977-2017 (1975-2017 for wind) (Figure 3-6). Trends in hydroclimatic variables is
significant (p < 0.05) at the point where the UF curve falls outside the dotted line (Yang and
Tian, 2009). Therefore, Figure 3-6 suggests significant upward trends for annual maximum
temperature (after 2006) and FAO56 PET (after 2010), and significant downward trends for
wind speed (after 2004) and runoff (after 2014). Moreover, the starting point of abrupt
hydroclimatic variables change is denoted by the separation point of the upward and downward
curves. If the separation point is within the confidence interval, and either the progressive curve
or the retrograde curve exceeds a certain limit before or after the intersection point, the trend
turning point is deemed significant at the corresponding level (i.e., 1.96 for the 5% significance
level) (Rashid et al., 2015). Therefore, an abrupt change was detected for maximum
temperature (2002-2003), FAO56 PET (2001-2002), wind speed (around 2002), and runoff
(around 2007) using the Mann-Kendall abrupt test, which suggests a more significant trend of
increasing values in maximum temperature and FAO56 PET and decreasing values in wind
speed and runoff after the intersection point. Moreover, according to UF lines, maximum
temperature and FAO56 PET closely replicated temporal variation while rainfall and runoff
closely replicated temporal variation in the recent decades. These results indicate qualitatively
that potential evapotranspiration exhibited a great correlation with maximum temperature,
while runoff displayed a great correlation with rainfall. The result from Mann-Kendall abrupt
test in Figure 3-6 is generally consistent with the result from 5-year moving average of anomaly

in Figure 3-2.

The Mann—Kendall abrupt test results in the Murrumbidgee catchment for the period 1975-
2014 was shown in Figure 3-7. It suggests significant upward trends for annual maximum
temperature (after 2007), and significant downward trends for wind speed (after 1996) and
runoff (after 2005) (when UF curve generally falls outside the dotted line). Moreover, an abrupt
change was detected for maximum temperature (2001) and runoff (1999-2000) using the Mann-
Kendall abrupt test, which suggests a more significant trend of increasing values in maximum
temperature and decreasing values in runoff after the intersection point. Furthermore, according

to UF lines, maximum temperature and FAO56 PET closely replicated temporal variation.
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These results indicate qualitatively that potential evapotranspiration exhibited a great

correlation with maximum temperature.

The Mann—Kendall abrupt test results in the Manning River catchment for the period
1991-2016 was shown in Figure 3-8. It suggests insignificant upward or downward trends for
most hydroclimatic variables except for the minimum temperature and wind speed. According
to UF curves and two dotted horizontal lines in Figure 3-8, there is a significant trend of
increasing values in minimum temperature and a significant trend of decreasing values in wind
speed after 2004 (when UF curve falls outside the dotted line). Moreover, an abrupt change was
detected for minimum temperature and wind speed in around 2003-2004 using the Mann-
Kendall abrupt test, which suggests a more significant trend of increasing values in minimum
temperature and decreasing values in wind speed after 2003-2004. Moreover, according to UF
lines, maximum temperature and FAO56 PET closely replicated temporal variation while
rainfall and runoff closely replicated temporal variation from 1991 to 2016. These results
indicate qualitatively that potential evapotranspiration exhibited a great correlation with
maximum temperature, while runoff displayed a great correlation with rainfall. The result from
Mann-Kendall abrupt test in Figure 3-8 is generally consistent with the result from 5-year

moving average of anomaly in Figure 3-4.

The Mann—Kendall abrupt test results in the North Johnstone River catchment for the
period 1967-2017 (1975-2017 for wind) was shown in Figure 3-9. It suggests significant
upward trends for annual maximum temperature (after 2014) and minimum temperature (after
2012) (when UF curve generally falls outside the dotted line). Moreover, an abrupt change was
detected for maximum temperature (2011-2012) and minimum temperature (2012-2013) using
the Mann-Kendall abrupt test, which suggests a more significant trend of increasing values in
maximum temperature and minimum temperature after the intersection point. Furthermore,
according to UF lines, solar radiation and FAO56 PET closely replicated temporal variation
while rainfall and runoff closely replicated temporal variation. These results indicate
qualitatively that potential evapotranspiration exhibited a great correlation with solar radiation

while runoff displayed a great correlation with rainfall.
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Figure 3-10 Continuous wavelet analysis for annual climatic and hydrologic variables in the
Wooroloo Brook catchment. Due to data availability, the period of 1889-2017 (129 years) was
used for wavelet analysis, except for wind speed (1975-2017) and runoff (1977-2017).
Maximum temperature, minimum temperature, solar radiation, FAO56 PET, relative humidity,
and rainfall exhibit similar high frequency cycles (notable but not significant) of about 2-3 years,

while wind speed and runoff show similar periodicities of around 4 years (not significant).
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Figure 3-11 Continuous wavelet analysis for annual climatic and hydrologic variables in the
Murrumbidgee catchment. Due to data availability, the period of 1889-2017 (129 years) was
used for wavelet analysis, except for wind speed (1975-2017) and runoff (1908-2014).
Maximum temperature, minimum temperature, solar radiation, relative humidity, and rainfall
exhibit similar interannual cycles of about 2-3 years (notable but not significant). Moreover,
maximum temperature, solar radiation, FAO56 PET, and runoff show similar periodicities of
around 4 years (notable but not significant), while wind speed has periodicity of 6 years (notable

but not significant).
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Figure 3-12 Continuous wavelet analysis for annual climatic and hydrologic variables in the
Manning River catchment. Due to data availability, the period of 1889-2016 (128 years) was
used for wavelet analysis, except for wind speed (1975-2017) and runoff (1991-2016).
Maximum temperature, solar radiation, and FAOS56 potential evapotranspiration exhibit similar
interannual cycles of about 4 years (not significant) and 12 years (significant), while rainfall

and runoff show similar periodicities of around 4 years (notable but not significant).
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Figure 3-13 Continuous wavelet analysis for annual climatic and hydrologic variables in the
North Johnstone River catchment. Due to data availability, the period of 1889-2017 (129 years)
was used for wavelet analysis, except for wind speed (1975-2017) and runoff (1967-2017).
Maximum temperature, minimum temperature, relative humidity, rainfall, and runoff exhibit
similar interannual cycles of about 2-3 years (notable but not significant). In addition,
significant cycles of around 28 years (long period/low frequency) were detected for maximum

temperature, solar radiation, and FAO56 PET.

Figure 3-10 shows the results of the continuous wavelet analysis for annual climatic and
hydrologic variables in the Wooroloo Brook catchment. Maximum temperature, minimum
temperature, solar radiation, FAO56 PET, relative humidity, and rainfall exhibit similar high
frequency cycles (notable but not significant) of about 2-3 years, while wind speed and runoff
show similar periodicities of around 4 years (not significant). In addition, significant cycles of
long period (low frequency) were also detected for minimum temperature (24 years), solar

radiation (14 years) and wind speed (10 years).

The continuous wavelet analysis was applied to graphically illustrate the periodic
characteristics of annual hydroclimatic variables in the Murrumbidgee catchment (Figure 3-11).
Maximum temperature, minimum temperature, solar radiation, relative humidity, and rainfall

exhibit similar interannual cycles of about 2-3 years (notable but not significant). In addition,
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maximum temperature, solar radiation, FAO56 PET, and runoff show similar periodicities of
around 4 years (notable but not significant), while wind speed has periodicity of 6 years (notable
but not significant). Furthermore, significant cycles of around 32 years (long period/low
frequency) were detected for maximum temperature, FAO56 PET, and relative humidity,
significant cycles of around 20 years were detected for FAOS56 PET and runoff, and significant

cycles of around 14 years were detected for solar radiation.

Figure 3-12 illustrates the periodicity characteristics of annual hydroclimatic variables in
the Manning River catchment using continuous wavelet analysis. Maximum temperature, solar
radiation, and FAQOS56 potential evapotranspiration exhibit similar interannual cycles of about
4 years (not significant) and 12 years (significant), while rainfall and runoff show similar
periodicities of around 4 years (notable but not significant). Therefore, potential
evapotranspiration exhibited a great correlation with maximum temperature and solar radiation,
while runoff displayed a great correlation with rainfall. Thus, the relationships between
hydroclimatic variables from continuous wavelet analysis in Figure 3-12 is generally consistent
with the results from Mann-Kendall abrupt test in Figure 3-8 and the 5-year moving average of

anomaly in Figure 3-4.

The continuous wavelet analysis was applied to graphically illustrate the periodic
characteristics of annual hydroclimatic variables in the North Johnstone River catchment
(Figure 3-13). Maximum temperature, minimum temperature, relative humidity, rainfall, and
runoff exhibit similar interannual cycles of about 2-3 years (notable but not significant). In
addition, significant cycles of around 28 years (long period/low frequency) were detected for
maximum temperature, solar radiation, and FAOS56 PET. Therefore, potential
evapotranspiration displayed a close relationship with maximum temperature and solar
radiation, while runoff was close related to rainfall with similar cycles according to Figure 3-

13.
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3.3.4 Linear regression analyses
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Figure 3-14 Correlation analyses between annual hydrological and climatic variables in the (a)
Wooroloo Brook catchment (1977-2017), (b) Murrumbidgee catchment (1975-2014), (¢)
Manning River catchment (1991-2016), and (d) North Johnstone River catchment (1975-2017).

Decimals from -1 to 1 shown in the legend and graph are correlation coefficients “r”.

Figure 3-14a shows the correlation analyses between annual hydrological and climatic
variables in the Wooroloo Brook catchment from 1977-2017. According to correlation
coefficients, runoff displayed the greatest correlation with rainfall (correlation coefficient “r”
was 0.88), while FAO56 potential evapotranspiration exhibited a greatest correlation with

e
T

maximum temperature (“r”” was 0.92). Besides, runoff showed significant (absolute r > 0.4)
negative correlation with FAO56 potential evapotranspiration and maximum temperature, with
the correlation coefficients of -0.45 and -0.45, respectively. In addition, runoff displayed
significant positive correlation with rainfall, wind speed, and relative humidity (“r” were 0.88,
0.59 and 0.56 respectively), while showed insignificant negative correlation with solar radiation

(“r” was -0.11) and insignificant positive correlation with minimum temperature (“r”” was 0.21).

Figure 3-14b indicates the relationships between annual hydroclimatic variables in the
Murrumbidgee catchment from 1975-2014. According to correlation coefficients, runoff
displayed the greatest positive correlation with relative humidity (r = 0.65), while FAO56
potential evapotranspiration exhibited a greatest positive correlation with maximum

temperature (“r” was 0.93) and a greatest negative correlation with relative humidity (r =-0.95).
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Besides, runoff displayed significant negative correlation with maximum temperature, FAO56
PET, and solar radiation, with the correlation coefficients of -0.66, -0.64 and -0.57, respectively.
In addition, runoff displayed significant positive correlation with relative humidity and rainfall
(“r” was 0.65 and 0.59 respectively), while showed insignificant negative correlation with

minimum temperature (“r” was -0.27) and insignificant positive correlation with wind speed

(“r” was 0.18).

Figure 3-14c illustrates the correlation analyses between annual hydrological and climatic
variables in the Manning River catchment from 1991-2016. According to correlation
coefficients, runoff displayed the greatest correlation with rainfall (“r” was 0.87), while FAO56
potential evapotranspiration exhibited a greatest correlation with maximum temperature (“r”
was 0.94) and solar radiation (“r” was 0.94). Besides, runoff showed significant negative
correlation with FAOS56 potential evapotranspiration, solar radiation, and maximum
temperature, with “r” values of -0.59, -0.56 and -0.54, respectively. In addition, runoff
displayed significant positive correlation with rainfall and relative humidity (“r” were 0.87 and

0.53, respectively), while exhibited insignificant negative correlation with wind speed (“r”” was

-0.37) and insignificant positive correlation with minimum temperature (“r”” was 0.09).

Figure 3-14d illustrates the relationships between annual hydroclimatic variables for the
North Johnstone River catchment from 1975-2017. Based on correlation coefficients, runoff
displayed the greatest correlation with rainfall (“r” was 0.93), while FAO56 potential
evapotranspiration showed a greatest positive correlation with solar radiation (“r” was 0.86)
and a greatest negative correlation with relative humidity (r = -0.87). Besides, runoff showed
significant negative correlation with solar radiation, FAO56 PET, and maximum temperature,
with “r” values of -0.66, -0.64, and -0.47, respectively. In addition, runoff displayed
insignificant negative correlation with minimum temperature (“r” was -0.04) and insignificant

positive correlation with relative humidity and wind speed (“r”” was 0.38 and 0.04, respectively).
3.3.5 Climate Elasticity of streamflow

Table 3-5 Multi-year mean rainfall (P), potential evapotranspiration (Eo), runoff (R), runoff
coefficient (RC), and parameter n of land use/cover change in 1991-2014 for the four

catchments.

Catchments P Eo R RC n

Wooroloo Brook  731.3 1408.1 752 0.10 2.09
Murrumbidgee  753.5 1140.5 120.7 0.16 2.04
Manning River  1052.3 1103.9 1824 0.17 3.25

North Johnstone 2698.3 1323.0 20214 0.75 0.71
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Table 3-6 Climate elasticity for annual hydroclimatic variables in 1991-2014 for the four
catchments. &p, &g, &€n, €r, > €1, ETpin» €U,» a0d Egy denote the elasticity of rainfall,
potential evapotranspiration, parameter n of land use/cover change, net radiation, maximum

temperature, minimum temperature, wind speed, and relative humidity to runoff.

Catchments &p &g, &n €R, €T ET mim &y, &Ry

Wooroloo Brook 2.77 -1.77 -2.11 -1.32 -1.08 -0.08 -0.42 0.52
Murrumbidgee 2.57 -1.57 -1.57 -1.00 -0.61 -0.05 -0.22 0.33
Manning River 3.20 -2.20 -1.01 -1.49 -0.85 -0.10 -0.26 0.54

North Johnstone 1.21 -0.21 -0.31 -0.19 -0.11 -0.02 -0.02 0.09

Table 3-7 Comparison between observed runoff change and modeled runoff change due to
hydroclimatic variables impacts, i.e., ARp + AR, + ARgy + AR7imax+ AR7min + ARu2 + ARgy in the
four catchments, and the fractional contributions (%) of climate change and variability and

human activity to runoff changes.

Observed Modelled Contribution of Contribution of

Catchments runoff change  runoff change climate change to human activity to

(mm) (mm) runoff change (%) runoff change (%)
Wooroloo Brook -39.5 -38.6 59.0 41.0
Murrumbidgee -51.7 -55.0 67.3 32.7
Manning River 29.2 38.9 71.2 28.8
North Johnstone 220.6 2335 24.3 75.7
Average 39.7 44.7 55.5 44.5

Table 3-5 shows multi-year mean rainfall (P), potential evapotranspiration (Eo), runoff (R),
runoff coefficient (RC), and parameter » of land use/cover change in 1991-2014 for the four
catchments. Generally, the larger the runoff coefficient, the wetter the basin. Compared to other
catchments, the North Johnstone catchment has much larger rainfall, runoff, and runoff
coefficient. Therefore, the North Johnstone catchment is much more humid than the other three
catchments. Furthermore, parameter » in the North Johnstone catchment (n = 0.71) was much

smaller than the other catchments (n > 2.09).

Based on annual climatic and hydrologic data in the four catchments, the partial
differential equation was used to get the mean contributions of different hydroclimatic factors
to runoff, and the results were shown in Table 3-6. According to the absolute values of elasticity
coefficients, the order of the affecting factors was: rainfall > parameter » of land use/cover
change > net solar radiation > maximum temperature > relative humidity > wind speed >
minimum temperature for Wooroloo Brook, Murrumbidgee, and North Johnstone catchments.

However, for the Manning River catchment, the order of the affecting factors was: rainfall >
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net solar radiation > parameter # of land use/cover change > maximum temperature > relative
humidity > wind speed > minimum temperature. Therefore, precipitation is the factor that most
affects runoff. In addition, the elasticity coefficients of runoff change to rainfall ranged from
1.21 to 3.20 with an average value of 2.44 in the four catchments, showing that an increase of

10% in rainfall caused an increase of 24.4% in runoff.

According to the results of Mann-Kendall abrupt test in section 3.3.2, the time point of
2002-2003 was accepted as the abrupt change point for runoff sequences for the four
catchments and the entire runoff sequences were subdivided into two time periods, i.e., period
1 (1991-2002) and period 2 (2003—-2014). Simulated runoff (i.e., ARp + AR, + ARry + ARpmax +
AR7min + ARu2 + ARgpy) and observed runoff are compared in Table 3-7. According to Table 3-
7, simulated runoff and observed runoff matched statistically well with the correlation
coefficient of 0.99 and the average absolute error of 5.0 mm (44.7-39.7). Therefore, in this
study, this hydrothermal coupled balance model based on Budyko hypothesis was applied to
differentiate the affecting factors for runoff changes in selected catchments in Australia. To
further distinguish the main affecting factors for runoff change, Table 3-7 compares climate-
induced runoff change (i.e., ARp + ARry + AR7max + ARTimin + ARu2 + ARgr) with human-induced
runoff change (i.e., AR,). Results indicated that climate change and variability played a major
role in changing runoff processes in the Wooroloo Brook, Murrumbidgee, and Manning River
catchments. For runoff changes in North Johnstone catchment, human activities had more
influence on runoff change than did climate change and variability. Overall, the fractional
contributions from climate change and variability and human activity to runoff change were

55.5% and 44.5%, respectively, across the four catchments in Australia.
3.4 Discussion

3.4.1 Trends in hydroclimatic variables

Based on the anomalies in Figures 3-3 and 3-4, positive anomalies (high maximum
temperature, solar radiation, and FAO56 PET) are detected in 2001-2009 and 2001-2006 for
Murrumbidgee and Manning River catchment (both catchments are in southeast Australia),
respectively. In contrast, annual rainfall and runoff showed negative anomalies (low rainfall
and runoff) in 2001-2009 and 2002-2006 for the Murrumbidgee and Manning River catchments,
respectively. This result is generally consistent with the Millennium Drought in southeast
Australia (2001-2009) (one of the worst droughts on record) with ENSO found to be the most
important driver (van Dijk et al., 2013). For the Wooroloo Brook catchment (Perth’s eastern
region in Southwestern Australia), 5-year moving average of anomaly for runoff (Figure 3-2)

indicates a negative anomaly (low runoff) in 2010-2017, and Mann-Kendall trend test (Table
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3-1) shows that there was a significant trend of decreasing values in annual runoff in the recent
decades. Similarly, Liu et al. (2019) found that along with warming (increase in air temperature)
and drying (reduction in mean annual precipitation) trends, dramatic declines of streamflow
have occurred across the Southwestern Australia. About the trend in wind speed, significant
trends of decreasing values in annual wind speed in the recent decades was detected for most
of the catchments except for North Johnstone catchment (tropical Australia). Previous studies
also reported similar results to ours. For instance, in recent decades, there have been significant
trends of decreasing values in near-surface wind speed in mid-latitude areas including Australia,
Europe, China, and North America (Shan et al., 2015). Mann-Kendall trend test showed that
there was a trend of decreasing values in runoff (at 5% significance level) in two catchments
(Wooroloo Brook and Murrumbidgee), while there was no significant trend in rainfall for all
catchments. This means that the significant runoff decrease may not be caused by rainfall
reduction in the catchments (Yang and Tian, 2009). Zhang et al. (2018) also found that although
there was no significant trend of decreasing values in rainfall, there was a significant downward
trend in runoff, which could be explained by the nonlinear relationships between rainfall and

runoff.

No attempt was made in this study to identify the possible causes for the observed trends.
Nevertheless, some previous studies have investigated the drivers of climate variability of
Australia (Barua et al., 2013). For example, Australia's climate is affected by large-scale
atmospheric circulation, including ENSO (El Nifio Southern Oscillation), southern annular
mode, and Indian Ocean dipole (Cleverly et al., 2016). Therefore, it is suggested in future
studies to further analyze the relationships between changes of observed climatic variables and
the changing patterns of atmospheric circulation such as ENSO to find the possible factors

influencing changes in climatic variables.
3.4.2 Mann-Kendall abrupt test

According to the Mann-Kendall abrupt test, an abrupt change (generally in 2001-2004)
for maximum or minimum temperature is detected for catchments in southern Australia
(Wooroloo Brook, Murrumbidgee, and Manning River catchment). Most of southern Australia
is affected by the 2000s drought (also called the Millennium drought) which is said by some to
be the worst recorded drought since the European settlement. These abrupt changes detected
for maximum or minimum temperature in 2001-2004 (sudden increase in temperature) may be
related to the strong drought conditions brought on by El Nifio from 2001 to 2005 in Australia
(https://en.wikipedia.org/wiki/2000s_Australian_drought). Because the extra heat from global

warming is expected to speed up the drought, making drying more quick and intense (Trenberth

et al., 2014). For instance, through the Mann-Kendall test of the drought index in the last 100
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years of China, Qiang (1992) found that the drought process in China had a sudden change and
the time of the sudden change was almost the same as the rapid warming in the northern
hemisphere. The fact of abrupt climate change and variability has been reported in different
areas worldwide, but the reason for this is far from clear (Chen et al., 2014). Solar variability,
tropospheric aerosols, volcanicity, carbon dioxide, and other factors, have been invoked to
casue changes, however, there are no clear lines of evidence been developed (Berger and
Labeyrie, 1987). However, finding out the possible causes of abrupt climate change and

variability was not attempted in this research.
3.4.3 Wavelet analysis

Based on a wavelet analysis, almost all climatic and hydrologic variables exhibited similar
high frequency cycles (notable but not significant) of about 2-4 years. Australian climate
variability is influenced by various large-scale drivers, some of which have a greater impact
over specific regions of the continent (Fierro and Leslie, 2014). Over the past few decades,
many studies have identified the following atmospheric drivers as playing a major part in
Australia’s climate: the El Nifio Southern Oscillation (ENSO), the Antarctic Oscillation (AAO),
the dipole mode index (DMI), the Madden—Julian oscillation (MJO), and atmospheric blocking
(Fierro and Leslie, 2014). It was reported by Kestin et al. (1998) that the inter-annual variability
of ENSO was contained in a periodicity band of 2 to 10 years. This variability was not equally
distributed over time but concentrated in different frequencies at different times. For instance,
in their study, they found that two different cycles, 2—5 years and 4—7 years, dominated in 1880—
1930 and 1930-1960, respectively (Beecham and Chowdhury, 2010). Additionally, ENSO has
been detected as one of the main drivers of winter rainfall in Southern Australia, while spring
rainfall is closely related to DMI (Rashid et al., 2015). Recent research also found that these
teleconnections are nonstationary and can vary at different time scales (Rashid et al., 2015).
Assessing the possible factors influencing observed periodicities was not attempted in this study.
Nevertheless, future studies can further investigate the links between the dominant cycles and

the large-scale atmospheric drivers.
3.4.4 Linear regression analyses

Based on correlation analyses between annual hydrological and climatic variables, runoff
displayed the greatest correlation with rainfall in almost all catchments except the
Murrumbidgee catchment. The result that runoff displayed the greatest correlation with rainfall
is consistent with earlier studies (Chiew and Mcmahon, 2002). However, in the Murrumbidgee
catchment, runoff displayed the greatest correlation with relative humidity (r = 0.65) rather than
rainfall (r = 0.59). In addition, the correlation coefficient between runoff and rainfall in the

Murrumbidgee catchment (r = 0.59) was much smaller than the other catchments (r > 0.87).
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This might be caused by more human activities in the Murrumbidgee catchment. For instance,
the two largest storages which are the Burrinjuck and Blowering Dams were constructed in this
catchment. The Burrinjuck Dam was completed in 1928 and then expanded in 1957 to store
and regulate irrigation and hydropower generation water, while the Blowering Dam was
completed in 1968 to receive water from the Snowy Mountains Scheme to Murrumbidgee
(Green et al., 2011). Furthermore, FAO56 potential evapotranspiration showed a greatest
negative correlation with relative humidity and greatest positive correlations with maximum
temperature and solar radiation for all catchments. Rainfall displayed significant negative
correlation with maximum temperature in all catchments. Nicholls (2003) also found a negative
correlation between average annual rainfall and maximum temperature in Australia, so the low
rainfall years correspond to the mean temperature years (Hossain et al., 2013). In addition, the
relationships between hydroclimatic variables from regression analyses in Figure 3-14 were
generally consistent with the results from continuous wavelet analysis in Figures 3-10 to 3-13,
the Mann-Kendall abrupt test in Figures 3-6 to 3-9, and the 5-year moving average of anomaly

in Figure 3-2 to 3-5.
3.4.5 Climate Elasticity of streamflow

The underlying parameter, n, denotes the characteristics of the underlying surface (e.g.,
vegetation) and the combined effects of the catchment characteristics (Yang et al., 2014). When
n increases, the vegetation coverage area of the catchment increases, and the soil and water
conservation function of vegetation increases, resulting in the decrease of runoff (Liu et al.,
2016). In addition, larger n values imply the intensification of human activities in these areas,
which may reduce the amount of streamflow (Liu et al., 2017b). Therefore, compared to the
other catchments, the North Johnstone catchment had much smaller n value and much larger
runoff. For the values of n (0.71-3.25 in this study), Yang et al. (2014) calibrated a range of
0.4-3.8 for 210 catchments across China, which showed a large regional variability. Similar
ranges of n values have been detected according to another Budyko-based model: the lower
bound of n was about 0.6 and, numerically at least, the upper bound appeared to be ~4.0 for
catchments in Murray-Darling Basin of Australia (Donohue et al., 2012). The impacts of n

(such as the vegetation type and coverage) on runoff are complex and need further study.

The elasticity of runoff refers to the change of runoff depth for a 1% increase of each
climate variable. The sensitivity of runoff change to affecting factors can be reflected by the
absolute value of elasticity (Liu et al., 2017b). Therefore, according to climate elasticity, rainfall
is the main driver of change to runoff, while runoff change was least sensitive to minimum
temperature change for all the four catchments. In general, increasing rainfall and relative

humidity increased runoff (positive climate elasticity in Table 3-6), but increasing solar
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radiation, maximum/minimum temperature, parameter zn of land use/cover change, and wind
speed tended to decrease runoff (negative climate elasticity), because solar radiation,
maximum/minimum temperature, and wind speed tended to increase evapotranspiration. This
is in agreement with previous research (Liu et al., 2017b). Furthermore, the North Johnstone
catchment (the wettest catchment) showed the smallest rainfall elasticity (¢p =1.21). This may
be because previous studies reported the phenomenon that the larger values of ¢&p exist in

more arid areas (Sankarasubramanian et al., 2001; Yang et al., 2014).
3.5 Summary and conclusions

This study identified the driving factors (i.e., temperature, precipitation, net radiation,
relative humidity, wind, and human activity) and their impacts on runoff, in four Australian
catchments with different climatic conditions as case studies. According to Mann-Kendall trend
test, there were significant trends of increasing values in annual mean temperature in the recent
decades in the Murrumbidgee, Manning River, and North Johnstone catchments. In addition,
results showed significant trends of decreasing runoff in the Wooroloo Brook (1977-2017) and
Murrumbidgee catchments (1975-2014), while rainfall displayed no significant trends in all
catchments. Based on the Mann-Kendall abrupt test, an abrupt change (generally in 2001-2004)
for maximum or minimum temperature was detected for catchments in southern Australia
(Wooroloo Brook, Murrumbidgee, and Manning River catchment). Additionally, the time point
of 2002-2003 was accepted as the abrupt change point for runoff sequences for the four
catchments and the whole runoff sequences was divided into two time periods, i.e., period 1
(1991-2002) and period 2 (2003—-2014) for climate elasticity study. Based on wavelet analysis,
almost all climatic and hydrologic variables exhibited similar high frequency cycles (notable
but not significant) of about 2-4 years. According to correlation analyses between annual
hydrological and climatic variables, runoff displayed the greatest correlation with rainfall in
almost all catchments except the Murrumbidgee catchment, while FAOS56 potential
evapotranspiration showed a greatest negative correlation with relative humidity and greatest

positive correlations with maximum temperature and solar radiation for all catchments.

According to the Budyko hypothesis, the order of the affecting factors was: rainfall >
parameter n of land use/cover change > net solar radiation > maximum temperature > relative
humidity > wind speed > minimum temperature for Wooroloo Brook, Murrumbidgee, and
North Johnstone catchment. For the Manning River catchment, the order of the affecting factors
was: rainfall > net solar radiation > parameter n of land use/cover change > maximum
temperature > relative humidity > wind speed > minimum temperature. As expected, rainfall is
the factor that most affects runoff, and an increase of 10% in rainfall led to an increase of 24.4%
in runoff according to the average of the four catchments. In addition, simulated and observed
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runoff matched statistically well with a correlation coefficient of 0.99 and the average absolute
error of 5.0 mm. Therefore, this Budyko-based model performed well in selected catchments
in Australia and was used to distinguish affecting factors for runoff changes. Furthermore, the
fractional contributions from climate change and variability and human activity to runoff
changes were 55.5% and 44.5%, respectively, across the four catchments in Australia. These
outcomes provide significant information for the development of efficient adaptation strategies

and effective policy plans for Australian sustainable water management in the future.
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Chapter 4. Impacts of future climate change and variability on water
resource availability of eastern Australia: A case study of the Manning

River basin

This chapter is based on the following manuscript:

Zhang, H., Wang, B., Li Liu, D., Zhang, M., Feng, P., Cheng, L., ... & Eamus, D. (2019).
Impacts of future climate change on water resource availability of eastern Australia: A case

study of the Manning River basin. Journal of Hydrology, 573, 49-59.
Highlights:

1. Hydrologic impacts of climate change and variability assessed in Manning River basin using

XAJ model;
2. XAJ model performs satisfactorily with R? and NSE more than 0.94 and 0.92;
3. Runoff is projected to increase in summer and decrease in winter;

4. Projected changes in water availability are largely dominated by change in rainfall.
Abstract

Hydrological responses of catchments to climate change and variability require detailed
examination to ensure sustainable management of both water resources and natural ecosystems.
This study evaluated the impacts of climate change and variability on water resource
availability of a catchment in eastern Australia (i.e. the Manning River catchment) and analyzed
climate-hydrology relationships. For this evaluation, the Xinanjiang (XAJ) model was used and
validated to simulate monthly rainfall-runoff relationships of the catchment. Statistically
downscaled climate data based on 28 global climate models (GCMs) under RCP8.5 scenarios
were used to assess the impacts of climate change and variability on the Manning River
catchment. Our results showed that the XAJ model was able to reproduce observed monthly
rainfall-runoff relationships with an R? > 0.94 and a Nash-Sutcliffe Efficiency = 0.92. The
median estimates from the ensemble of downscaled GCM projections showed a slight decrease
in annual rainfall and runoff for the period 2021-2060 and an increase for the period 2061-2100.
Annual actual evapotranspiration was projected to increase slightly, while annual soil moisture
content was predicted to decrease in the future. Our results also demonstrated that future
changes in seasonal and annual runoff, actual evapotranspiration and soil moisture are largely
dominated by changes in rainfall, with a smaller influence arising from changes in temperature.
An increase in the values of high runoffs and a decrease in the values of low runoffs predicted

from the ensemble of the 28 GCMs suggest increased variability of water resources at monthly
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and seasonal time-scales in the future. A trend of decreasing values in winter runoff and soil
moisture content in the future is likely to aggravate possible future reductions in water
availability in eastern Australia. These results contribute to the development of adaptive
strategies and future policy options for the sustainable management of water resources in

eastern Australia.

Key words: GCMs, Xinanjiang (XAJ) model, climate change and variability, eastern

Australia, runoff
4.1 Introduction

Global increases in atmospheric temperature is intensifying hydrological processes
(Huntington, 2006; Oki and Kanae, 2006). For example, climate change and variability is
associated with changes in rainfall (amount, timing and distribution), increase in rates of
evapotranspiration and changes in other climatic variables, and these changes will be amplified
in runoff (Chiew et al., 2009; Reshmidevi et al., 2018). As a result, hydrological responses to
global climate change and variability have been widely studied in recent years. Thus, Menzel
and Biirger (2002) predicted a trend of decreasing mean runoff for a catchment in Germany,
while Su et al. (2017) reported that annual average runoff would increase in the 21% century in
the upper Yangtze River basin in China. By the end of this century, annual runoff is projected
to decrease in parts of southern Africa, the Middle East and southern Europe, while increased
annual runoff is projected to occur in high northern latitudes, consistent with large increases in

spring and winter rainfall under the RCP8.5 scenario (IPCC, 2013).

Australia has the world’s most variable climate (Manolas, 2010; Stokes and Howden, 2010)
and climate change and variability has significantly affected Australian regional water
availability and ecosystem health (CSIRO, 2016). Eastern Australia, including the majority (ca
80%) of the Australian population, is influenced by large-scale drivers of atmospheric
circulation, including the El Nifo Southern Oscillation, the Indian Ocean dipole and the
southern annular mode (Cleverly et al., 2016), leading to high variability and the frequent
occurrence of extensive droughts and floods. For instance, eastern Australia has been subject
to considerable climate variability, including the Millennium Drought and the two wettest years
on record for Australia (2010-2011), the latter as a result of two strong La Nifa events. While
several studies have assessed the impacts of climate change and variability on the hydrology of
eastern Australia (Chiew et al., 2009; Vaze and Teng, 2011) there have been few detailed
studies of impacts of climate change and variability on individual catchments in eastern
Australia. Consequently, we examined a catchment representative of eastern Australia to

provide detailed insight for future options for water management.
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In most studies of the impacts of climate change and variability, Global Climate Models
(GCMs) have been the primary means used for global and regional climate simulations
(Reshmidevi et al., 2018), especially with the large improvements in climate modelling in
recent decades (IPCC, 2014). However, climatic variables simulated from GCMs are often too
spatially coarse to be used directly in hydrological models (Jiang et al., 2007). Furthermore,
archived daily sequences simulated by GCMs are currently available only for specific periods
(time slices) of a few decades (Liu and Zuo, 2012) and for a few GCMs. Therefore, downscaling
approaches have to be adopted to transform large-scale GCMs outputs to daily time series at
local and regional scales (Liu and Zuo, 2012; Silberstein et al., 2012). Over the last few decades,
a series of downscaling methods have been used for this purpose (Gordon and O’Farrell, 1997;
Frei et al., 2003; Diaz-Nieto and Wilby, 2005; Hewitson and Crane, 2006; Fowler et al., 2007;
Ahmed et al., 2013). Dynamical downscaling and statistical downscaling are the two basic
downscaling methods in the one-way coupling of GCMs and hydrological models (Fowler et
al., 2007; Chen et al., 2012). Dynamical downscaling models, involving the use of regional
numerical models that include full sets of physics (Tang et al., 2016), are highly
computationally demanding and restricted to ‘time slices’, although they have explicit physical
meanings (Fowler et al., 2007). In contrast, statistical downscaling models are relatively
computationally efficient and have been widely applied in assessments of impacts of regional
climate change and variability, particularly in hydrological response assessments (Hay and
Clark, 2003; Chen et al., 2012). Thus, in this study, daily rainfall and meteorological variables
were downscaled from monthly GCM simulations to specific sites with bias correction
procedures using a statistical downscaling approach (Liu and Zuo, 2012) and this represents the

first such application.

Downscaled climatic variables are adopted as the input data for hydrological models to
simulate historical and future runoff and to estimate impacts of climate change and variability
on runoff (Chang and Jung, 2010; Ruelland et al., 2012). In this way, hydrological models are
first calibrated using observed runoff data, and then the hydrological models are run using
downscaled climatic data with the same calibrated parameters, and impacts of climate change
and variability on runoff are estimated using the modelled historical and future runoffs (Chiew
et al., 2009; Reshmidevi et al., 2018). However, many uncertainties which depend on climate
modelling, downscaling techniques and simulated hydrologic regimes, are incorporated along
the entire modeling chain (Prudhomme et al., 2003; Chen et al., 2012). Climatic uncertainty is
linked to Green House Gas (GHG) emission scenarios and especially to GCMs (Minville et al.,
2008). Previous studies have suggested that choosing a single GCM is the main factor
contributing to the overall uncertainty in climate change and variability impact modelling

(Wilby and Harris, 2006; Jie et al., 2011). Due to the enormous uncertainty caused by the choice
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of a single GCM, an ensemble of multiple GCMs has been adopted in many recent analyses
(Tebaldi and Knutti, 2007; Zhang and Huang, 2013) and multi-GCMs ensembles appear to
provide more comprehensive simulations of climatic variables than a single GCM (Knutti et al.,
2010). In addition, using simulations of a multi-GCMs ensemble may balance out non-
stationary biases, which is unlikely to be corrected by statistical downscaling approaches (Liu
and Zuo, 2012). Therefore, a diversity of GCMs (28 from CMIP5 under RCP8.5) will be used

in the present study to minimize the uncertainty caused by the choice of GCMs.

The Xinanjiang (XAJ) model, a rainfall-runoff basin model, has been successfully and
widely used in humid and semi-humid catchments in China as a standard tool for a number of
hydrological simulation purposes (Jayawardena and Zhou, 2000; Xu and Singh, 2004; Jiang et
al., 2007; Yao et al., 2014). For example, Tian et al. (2013) used the XAJ model to assess
impacts of climate change and variability on river high-flows in a basin in China for the near
future 2011-2040. It has also been successfully applied in many other countries including the
United States, Canada, Germany, Belgium, France, Sweden, Japan and Thailand (Xu and Singh,
2004; Sahoo, 2005). For instance, Seiller and Anctil (2014) examined climate change and
variability impacts on the hydrologic regime of a catchment in Canada using the XAJ model
and other lumped conceptual models. In addition, the XAJ model has been used across 210
catchments of southeast Australia, including the Murray—Darling basin and the south-east coast
drainage basins that cover the most populated and important agricultural regions of Australia,
with NSE values in the calibration periods of greater than 0.6 in 80 percent of these catchments
(Li et al., 2009a; Zhi et al., 2009). Consequently, this study will apply the XAJ model forced
with statistical downscaling of daily climate data based on 28 GCMs to study the hydrological

response to climate change and variability in an Australian catchment.

We aimed to evaluate hydrological responses to climate change and variability in eastern
Australia. Specifically, using the Manning River catchment as a case study, the objectives of
this study were to: (1) test the performance of the XAJ model for simulating rainfall-runoff
relationship of the Manning River catchment; (2) project future changes in simulated runoff,
actual evapotranspiration and soil moisture content; and (3) identify the importance of different

climatic variables in explaining future changes in water availability.
4.2 Materials and methods

4.2.1 Study area

The Manning River catchment is located on the New South Wales (NSW) mid north coast
and includes the towns of Taree, Wingham, Gloucester and Walcha, and has a temperate climate

with summer dominated rainfall (Chiew and Mcmahon, 2002) (Figure 4-1). The catchment area
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is approximately 6630 km? with elevation ranging from 12 m to 1591 m (see Figure 4-1). Mean
annual temperature for the study area is 14.9°C, mean annual rainfall is 1052 mm, mean annual
potential evaporation is 1305 mm, and the runoff coefficient is 0.20 (Zhang et al., 2013). The
Manning River flows for 250 kilometers, rising in the Great Dividing Range to the east of the
basin, and flowing south-east through a coastal floodplain to Taree where it divides in two. The
Manning River catchment does not have large groundwater storages providing base flow to the
river and the narrow floodplain pockets are the only source of base flow (Hughes, 2011). In
addition, most of the rivers and creeks in the Manning River catchment are unregulated, with
no major storages to capture and control flows. As in most unregulated rivers, flows are most
affected during relatively dry times and this has been identified as one of the key water
management issues in this catchment when water supply is low and consumptive demand high

(https://www.industry.nsw.gov.au/water/basins-catchments/snapshots/manning). In addition,

significant decreases in river flows, resulting from below average rainfall, affects the stability
of the Manning river estuary entrance (Ruprecht and Peirson, 2011). However, very few studies
regarding hydrological response to climate change and variability have been carried out in the
Manning River catchment. Thus, this study represents an important step toward the assessment
of the effects of the changing climate on catchment runoff and can help inform future priorities
for regional water management of river basin in the context of global climate change and
variability in eastern Australia. The Manning River gauging station at Killawarra receives
streamflow from the vast majority of water sources within the Manning EMU (Entitlement
Management Unit). Therefore, the Manning River catchment above Killawarra gauging station

was selected as the case study area.
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Figure 4-1 The study area of Manning River catchment and location of observation stations

including weather stations and gauge station.
4.2.2 Observed data

Daily rainfall and potential evaporation data were used for hydrological simulation. To
incorporate the large spatial heterogeneity of rainfall across this catchment, rainfall data from
30 meteorological stations sites within or close to the catchment were sampled (Figure 4-1).
The Thiessen polygon method was selected to estimate the mean area rainfall of this catchment
because this is the most common and effective method for calculating spatial distribution of
rainfall (Jiang et al., 2007). The method proposed by Abtew (1996) was used to calculate
potential evapotranspiration (using solar radiation and maximum daily temperature) (Abtew,
1996). Daily streamflow data of the Killawarra hydrological station were collected from the
website of the Australian Government Bureau of Meteorology

(http://www.bom.gov.au/waterdata/). Daily observed hydrological and meteorological data in

the period from 1991-2016 were used for hydrological model calibration and validation.
4.2.3 Statistical downscaling technique

Monthly gridded rainfall and climate data from GCMs were downscaled to the
meteorological observation sites at a daily time step using a statistical downscaling model,
NWAI-WG, developed by Liu and Zuo (2012). This rapid and reliable statistical downscaling
method consists of two steps to perform spatial and temporal downscaling separately. This
approach relies on empirical relationships between observational data and GCM outputs. First,
the monthly gridded climate projections from GCMs were spatially interpolated to specific sites
of interest (in this case 30 sites within or close to the Manning river catchment, Figure 4-1)
using an inverse distance-weighted (IDW) interpolation method, followed by a bias correction
procedure to correct site-based monthly GCM simulations. Second, daily climatic variables (e.g.
maximum and minimum temperatures and rainfall) were then generated for each site from the
spatially downscaled projections by using a modified version of the WGEN stochastic weather
generator (Richardson and Wright, 1984) with parameters derived from the bias-corrected
monthly data (see Liu and Zuo 2012 for details). The validation carried out by Liu and Zuo
(2012) has shown that this downscaling method can reproduce the observed climatic variables
at daily, monthly and annual time-scales well. Unlike other statistical downscaling approaches
developed in Australia, which have only been applied to either specific time periods (Timbal et
al., 2009) or small areas (Mehrotra and Sharma, 2010) due to data availability or time and cost,
this approach can be easily applied to any archived monthly GCM data for any site and across
multiple time periods as the approach requires only monthly GCM data and daily historical

climate records. In this research, we applied a post downscaling treatment to the NWAI-WG
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downscaled data. When the downscaled site climate data are applied to catchment, the
occurrence of inconsistent daily rainfalls between sites can result in a) more rainfall days and
b) smaller daily rainfall over the catchment and potentially poor simulation of the peak flows.
In the post downscaling treatment, we selected the central station as the reference station and
re-downscaled other 29 sites in the catchment to have the same rainfall events with the amounts
of GCM projected rainfalls for respective sites. This method is validate based on the hypothesis
that the weather stations are close enough so that the rain days are fairly consistent. The
catchment area is approximately 6630 km?, that is, the radius of the study area is around 40 km.

Thus, we considered this catchment downscaling method is validate for this study.

This study was focused on the analyses of three periods of simulations: the first examined
the period 1977-2016 (referred to as ‘immediate past’ or ‘baseline’), the second examined the
period 2021-2060 (referred to as ‘the near future’ or ‘2040s’), and the third the period 2061-
2100 (referred to as ‘the far future’ or ‘2080s”). In addition, for baseline and future time periods,
hydro-meteorological variables were downscaled from 28 GCMs (Wang et al., 2017) of the
Coupled Model Intercomparison Project 5 (CMIPS) under the RCP8.5 scenario. RCP 8.5, a
scenario that represents comparatively high greenhouse gas emission (Riahi et al., 2011) and
matches the current trajectory of GHGs (Fuss et al., 2015; Pagan et al., 2016). To present the
range in projected future climate, monthly, seasonal and annual change in maximum and
minimum temperatures and rainfall for the 28 GCMs in the near future and the far future
compared to baseline were computed for the catchment. In addition, monthly, seasonal and
annual changes in runoff, evapotranspiration and soil moisture for the 28 GCMs in the 2040s
and 2080s compared to baseline were estimated to show the range in projected future

hydrological variables.
4.2.4 The XAJ model

The XAJ model is a lumped conceptual rainfall-runoff model with physical-based
parameters (Zhao et al., 1980). The model is widely used in humid and semi-humid basins in
China (Hu et al., 2005), and was recently adopted and validated in southeast Australia (Li et al.,
2012). Furthermore, the XAJ model consistently performs better than four other conceptual
rainfall-runoff models (the Pitman model of South Africa (Hughes, 2013), the Sacramento
model of USA (Sorooshian et al., 1993), the NAM model of Denmark (Nielsen and Hansen,
1973) and the SMAR model of Ireland (Kachroo, 1992)) even in relatively dry catchments (Gan
etal., 1997). Therefore, the XAJ model was selected for hydrological simulations in the present
study. The XAJ model, which uses rainfall and potential evapotranspiration data to simulate
runoff, actual evapotranspiration and soil moisture content, is divided into four layers:

evapotranspiration, runoff production, separation of runoff components and flow concentration
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(Zhao, 1992). Its main feature is the concept of runoff formation of repletion of storage, which
means that runoff is not produced until the soil moisture content of the aeration zone reaches
field capacity, and thereafter runoff equals the rainfall excess without further loss (Zhao, 1992).
The flow chart of the XAJ model is shown in Figure 4-2 and the model parameters are listed in
Table 4-1. It should be noted that the XAJ model used in this study does not consider vegetation
and its interaction with the atmosphere. However, it has the advantage of fewer input data and

simpler application.

It is crucial for water resource managers to be conscious of and prepared for the impacts
of climate change and variability on hydrological variables. Therefore, daily hydrological
simulations under baseline and future scenarios were obtained using the XAJ model driven by
downscaled climatic variables from 28 GCMs to evaluate the changes in catchment
hydrological cycle. Runoff, which represents an integrated response to climatic inputs
throughout the whole drainage basin, is a very important indicator of the impacts of climate
change and variability on water resources. In addition, climate change and variability will lead
to changes in other hydrological variables which can also be simulated by the XAJ model.
Therefore, changes of actual evapotranspiration and soil moisture content were also included
in this study. Soil moisture is defined as the areal mean tension water storage (W) in the XAJ
model (Zhao, 1992). The XAJ model was calibrated and validated against river flow data only.
We did not calibrate and validate the model simulations in actual evapotranspiration and soil
moisture content because of a lack of field data for these variables. The absolute values of soil
moisture content should therefore not be used directly. Nevertheless, it is still reasonable and
valuable to compare the relative changes in the simulations because the model mimics the actual

hydrological processes.
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Figure 4-2 Flow chart for the XAJ model. The inputs to the model are P (rainfall) and PET

(potential evapotranspiration), the outputs are Ea (the actual evapotranspiration from the whole
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catchment, which is the sum of the evapotranspiration from the upper soil layer EU, the lower
soil layer EL, and the deepest layer ED) and TQ (the outlet discharge from the whole catchment),
and W (area mean tension water storage, namely soil moisture, which is the sum of WU, WL
and WD in the upper, lower and deepest layer). The meanings for the state variables and
parameters appear inside and outside of the blocks in this figure can be found in Table 4-1 and

the reference (Zhao, 1992).
4.2.5 Parameter estimation and performance evaluation

There are a lot of missed observed flow data in 1983, 1989 and 1990 at Killawarra gauging
station. However, observed flow data from 1991-2016 (26 years) are relatively complete and
continuous and were selected for model calibration and validation. The time period for
calibration and validation years was determined by the length of the observed data record. For
sufficiently long periods of observed data that represent different climate conditions, it is
possible to split the available data equally for calibration and validation. However, the observed
record (26 years) is not sufficient for an equal split, the length of the data may be different in
such a way that the calibration period is sufficiently long since optimized model parameters
during calibration are used for model validation without further adjustment (Ayele et al., 2017).
Therefore, daily observed and simulated runoff in the period 1991-2008 (18 years) were used
for model calibration and data from 2009-2016 (8 years) were used for model validation. A
global optimization method, the SCE-UA (shuffled complex evolution method developed at the
University of Arizona) (Duan et al., 2015), is an effective and efficient optimization technique
for calibration of watershed models and was used to optimize XAJ model parameters. It
combines the best features of “multiple complex shuffling” and “competitive evolution” based
on the simplex search method (Nelder and Mead, 1965). The XAJ model is calibrated by
maximizing the Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970) of daily flow
together with a constraint to ensure that the total modelled flow in the calibration period is
within 5% of the total observed flow (Vaze and Teng, 2011). NSE and coefficient of
determination (R?) were used to evaluate the performance of the XAJ model. The NSE is one
of the most widely used criteria for comparing hydrologic model performance with observed
values (Le and Pricope, 2017). In addition, many studies also used NSE and R? to evaluate the
performance of hydrological models (Vu et al., 2012; Le and Pricope, 2017). NSE varies from
-0 to 1. A value of 1 means the simulations perfectly match the observations, so the closer the
NSE value is to 1, the better the hydrological model is deemed to have performed. In general,
when both NSE and R? exceed 0.50, the hydrological model is deemed to effectively simulate
stream flow for a given catchment (Liu et al., 2017¢). The NSE and R? were calculated as

follows:
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where Q,ps and Qg are the observed and simulated daily flow (m*/s) respectively, Q is

the mean flow (m?®/s), i is the ith sample, and N is the number of samples.
4.2.6 Regression analyses

Prior to the analysis of the simulations we applied a bias-correction procedure, called
secondary bias correction (Yang et al., 2016) to correct the differences of the simulated outputs

forced by GCM projected climate over those forced by observed climate.

A multiple Liner Regression Model (MLRM) was used to quantify the effects of climate
variables (maximum and minimum temperatures and rainfall) on hydrologic variables (runoff,
evapotranspiration and soil moisture). MLRM is a linear model that describes how y-variable
relates to two or more x-variables (Dar, 2017). The general structure of the model is as given

below:
Y=Bo+ BiXi+ B2Xot... (4-3)
Where, y is the dependent (or response) variable, x is independent (or predictor) variable.
In this study, the model is defined as below:
AY = aATmay + bATmin + cAR (4-4)

Where AY (%) is projected changes in hydrological variables (runoff, actual
evapotranspiration or soil moisture), ATmax (°C), ATmin (°C) and AR (%) are changes in
maximum and minimum temperatures and rainfall, respectively. From these regression
analyses, the contribution of the change in specific climate factors to changes in hydrologic
variables were quantified. In addition, rainfall elasticity (c, defined here as the proportional

change in runoff divided by the proportional change in rainfall) can also be derived.

4.3 Results

4.3.1 XAJ model calibration and validation

Calibrated parameters for the XAJ model in the Manning River catchment are shown in
Table 4-1. Runoff simulations at daily time scale were aggregated to monthly values, and were
compared with the observed data. Monthly observed runoff and the XAJ model simulated
runoff for calibration and validation periods in the Manning River catchment were strongly

correlated (R? = 0.94 and NSE > 0.92) and closely replicated temporal variation (Figures 4-
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3 and 4-4), with slopes within 25% of the 1:1 regression. The slope of the regression during the
validation period was much closer to the 1:1 line than that in the calibration period, which may

be caused by the slight underestimation of the extremely high runoff observed in the calibration

period.

Table 4-1 16 calibrated parameters for the XAJ model in Manning River catchment.

Layers Parameters Meaning of parameters (units) Values
UM Areal mean tension water capacity in the upper layer (mm) 28
Evapotranspiration LM Areal mean tension water capacity in the lower layer (mm) 90
C Coefficient of deep evapotranspiration 0.023
WM Areal mean tension water capacity (mm) 137
Runoff production B Exponent of the tension water capacity curve 0.1
M Ratio of the impervious to the total area of the basin 0.001
SM Areal mean of the free water capacity of the surface soil layer (mm) 27
Separation of EX Exponent of the free water capacity curve 0.97
runoff components KG Outflow coefficient of the free water storage to groundwater 0.52
KI Outflow coefficient of the free water storage to interflow 0.26
CI Recession constant of the interflow storage 0.78
CG Recession constant of groundwater storage 0.996
Flow CS Recession constant of surface water storage 0.38
concentration L Lag time (day) 0
KE Parameters of the Muskingum method (h) 24
XE Parameters of the Muskingum method 0.43
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Figure 4-3 The observed and simulated monthly runoff during calibration (1991-2008) and
validation periods (2009-2016) in the Manning River catchment.
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Figure 4-4 Comparison of observed and simulated monthly runoff during (a) calibration and

(b) validation periods.
4.3.2 Projected changes in temperature and rainfall

Projected maximum and minimum temperatures and rainfall in the future were aggregated
to monthly and seasonal time scales, and compared with baseline values. All 28 GCMs used in
this study agree on a future temperature rise, with higher temperature increases in 2080s than
2040s at both monthly and seasonal time-scales (Figures 4-5 and 4-6). For maximum monthly
temperatures (Figure 4-5a), the largest median increase was 1.6°C (0.9-1.9°C) in November by
2040s and 3.8°C (3.5-4.2°C) in September by 2080s, while the lowest median increase was
1.1°C (0.9-1.7°C) in March by 2040s and 2.5°C (1.8-3.0°C) in February by 2080s. The range
of uncertainty in brackets indicates the 25th and 75th percentiles of the 28 GCMs used herein.
At seasonal time-scales (Figure 4-6a), the maximum temperature was projected to increase
most in spring in both future periods (the median increase was 1.5°C (1.1-1.8°C) in 2040s and
3.4°C (2.8-3.9°C) in 2080s), while increases were lowest in autumn in 2040s (1.3°C (0.9-1.6°C))
and in summer in 2080s (2.9°C (2.4-3.4°C)). For temperature minima (Figures 4-5b and 4-6b),
the median estimate demonstrated the largest increase in May (1.9°C (1.6-2.5°C ) in 2040s and
4.9°C (3.7-5.5°C) in 2080s) (autumn (1.7°C (1.4-1.9°C) in 2040s and 4.1°C (3.3-4.7°C) in
2080s) and the smallest increase in temperature minima in February (1.0°C (0.8-1.3°C) in
2040s and 2.5°C (1.8-3.1°C)) in 2080s (summer (1.2°C (0.9-1.3°C) in 2040s and 2.7°C (2.3-
3.2°C) in 2080s)) in the future. The median increase for maximum temperature at an annual
time-scale was 1.4 °C (1.2-1.5°C) by 2021-2060 and 3.2°C (2.7-3.5°C) by 2061-2100 (Figure
4-6a), while median annual minimum temperatures were predicted to increase by 1.5°C (1.3-

1.7°C) in 2040s and 3.5°C (3.1-4.1°C) in 2080s (Figure 4-6b).

Changes to future rainfall differ across the different GCMs and across seasons, with the
majority of GCMs simulating increases in November-March rainfall and the majority of GCMs

simulating decreases in the period of April to October. The largest ensemble median increase
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in rainfall occurred in December (4.2% (-7.6~13.4%) in 2040s and 13.4% (-10.9~31.4%) in
2080s), while the largest median decrease occurred in September (-10.6% (-20.7~8.1%) in
2040s and -20.7% (-34.0~9.7%) in 2080s) (Figure 4-5c). Median spring (-1.7% (-13.5~10.0%)
in 2040s and 1.4% (-17.4~13.8%) in 2080s) and autumn (-1.1% (-6.0~4.8%) in 2040s and 0.7%
(-9.3~7.5%) in 2080s) rainfall was projected to have relatively small changes in the future. In
contrast, median rainfall was projected to have a larger increase in summer (4.2% (-3.6~11.7%)
in 2040s and 9.1% (-2.9~24.9%) in 2080s) but a decline (-4.0% (-13.1~3.1%) in 2040s and -
11.7% (-20.9~3.5%) in 2080s) in winter, with larger changes in 2080s than in 2040s. At annual
time-scales, the changes in rainfall, as estimated by the 28, ranged from -5.2% (25th percentile)
to 4.2% (75th percentile) in 2040s and -9.5% (25th percentile) to 10.8% (75th percentile) in

2080s with ensemble median values of -0.3% and 4.6%, respectively.
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Figure 4-5 Projected changes in maximum temperature (Tmax) (°C), minimum temperature
(Tmin) (°C) and rainfall (%) in the near future (2021-2060, 2040s) and the far future (2061—
2100, 2080s) under RCP8.5 based on 28 GCMs compared with baseline at monthly time scale.
Data presented are changes in the 40-year mean values for each of the 28 GCMs. Box
boundaries indicate the 25th and 75th percentiles; the black lines and crosshairs within the box
mark the median and mean, respectively; the lower and upper whiskers indicate the 10th and

90th percentiles.
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Figure 4-6 Projected changes in maximum temperature (Tmax) (°C), minimum temperature
(Tmin) (°C) and rainfall (%) in the near future (2021-2060, 2040s) and the far future (2061—
2100, 2080s) under RCP8.5 based on 28 GCMs compared with baseline at seasonal and annual
time scales. Data presented are changes in the 40-year mean values for each of the 28 GCMs.
Box boundaries indicate the 25th and 75th percentiles; the black lines and crosshairs within the
box mark the median and mean, respectively; the lower and upper whiskers indicate the 10th

and 90th percentiles.
4.3.3 Changes in simulated runoff, actual evapotranspiration and soil moisture

Projected runoff, evapotranspiration and soil moisture content were aggregated to monthly
and seasonal time-scales, and were compared with baseline data. The largest median monthly
increase in runoff was 6.9% (-23.2~26.7%) in November by 2040s and 31.1% (-2.6~71.4%) in
February by 2080s, while the largest median decrease was -16.7% (-23.9~13.2%) in June by
2040s and -20.5% (-31.1~4.2%) in July by 2080s (Figure 4-7a). Thus, the largest monthly
runoff is projected to shift from March (during the baseline period; Table 4-2) to February in
the far future. The lowest runoff in September was simulated to decline (-4.3% (-24.2~14.3%)
in 2040s and -16.3% (-33.2~3.8%) in 2080s) in the future. The second largest runoff, which
occurred in the summer in the baseline period, was projected to increase (11.6% (-12.8~24.9%)
in 2040s and 23.8% (-5.3~46.2%) in 2080s) in the future, whereas the second smallest runoff,
which currently occurs in winter, was projected to decline (-6.9% (-23.0~4.9%) in 2040s and -
14.8% (-28.7~-0.06%) in 2080s) in the future (Table 4-2, Figure 4-8a). Thus, the largest
seasonal runoff which currently occurs in the autumn was predicted to change to the summer
in 2040s and 2080s. In addition, in 2080s, these monthly and seasonal changes generally
became larger than those predicted in the 2040s (Figures 4-7a and 4-8a). There were
considerable differences in the runoff projection of different GCMs (Figures 4-7a and 4-8a).
Thus, at annual time-scales, runoff change estimated by the 28 GCMs ranged from -10.6%
(25th percentile) to 8.9% (75th percentile) in 2040s and -17.2% (25th percentile) to 22.0% (75th
percentile) in 2080s with median values of -2.3% and 7.7%, respectively (Figure 4-8a).
Furthermore, median values in annual runoff in 2080s showed a slight increase compared to

2040s (Figure 4-8a) and this may be related to the increase in rainfall in 2080s (Figure 4-6c¢).
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There was a wide range in differences among modelled values of actual evapotranspiration
responses simulated by the 28 GCMs. Median monthly actual evapotranspiration was projected
to decrease only in August (-2.2% (-5.1~5.1%) in 2040s and -4.3% (-13.7~3.7%) in 2080s),
September (-4.1% (-11.4~1.3%) in 2040s and -8.9% (-21.1~-1.4%) in 2080s) and October (-
5.3% (-11.7~-0.4%) in 2040s and -7.4% (-16.9~3.0%) in 2080s) (winter/spring), while median
seasonal actual evapotranspiration only showed a trend of decreasing values (-2.2% (-
10.3~2.7%) in 2040s and -3.2% (-15.7~3.7%) in 2080s) in spring in the future (Figures 4-7 and
4-8). At annual time-scales, actual evapotranspiration change estimated by the 28 GCMs ranged
from -3.0% (25th percentile) to 3.7% (75th percentile) in 2040s and -4.3% (25th percentile) to
8.6% (75th percentile) in 2080s with median values of 0.6% and 1.8% respectively (Figure 4-
8b). However, the differences in actual evapotranspiration changes under different GCMs are
smaller than the modelled changes in runoff (Figures 4-7a, b and Figures. 4-8a, b). Differences
in predicted 40-year mean monthly, seasonal and annual soil moisture content resulting from
different GCMs were also considerable (Figures 4-7c and 4-8c). Furthermore, the median
estimate indicated that monthly soil moisture content was projected to have a trend of
decreasing values (except February (1.5% (-8.8~5.3%))) in 2040s and to increase slightly only
in December (3.6% (-16.6~14.1%)), January (2.0% (-5.0~9.7%)), February (4.1% (-
6.2~14.9%)) and March (0.7% (-7.0~12.9%)) in 2080s, while seasonal soil moisture was
predicted to decrease in 2040s and to increase marginally (0.5% (-7.9~10.7%)) only in summer
in 2080s. Finally, at annual time-scales, changes in soil moisture content simulated by the 28
GCMs ranged from -8.8% (25th percentile) to 0.2% (75th percentile) in 2040s and -15.5% (25th
percentile) to -1.6% (75th percentile) in 2080s with ensemble median values of -4.4% and -5.1%

respectively.

Table 4-2 Mean values in climatic and simulated hydrological variables in the baseline period

(1977-2016) in Manning River catchment.

Actual Soil moisture
Time Tmax Tmin Rainfall Runoff
) Evapotranspiration content
periods (°C) (°C) (mm) (mm)
(mm) (mm)
January 26.3 14.7 154.7 18.0 100.3 65.7
February 25.6 14.6 144.1 27.0 90.7 79.5
March 243 13.0 125.3 28.1 86.5 82.0
April 21.3 9.8 74.4 18.2 60.8 77.7
May 17.4 6.9 71.5 19.2 46.1 79.9
June 14.4 4.6 73.5 19.5 39.4 88.8
July 13.7 3.1 53.9 17.0 43.6 89.4
August 153 3.7 55.1 15.6 51.9 80.3
September 18.3 5.8 55.2 11.9 60.1 67.8
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October 21.2 8.7 84.8 14.1 74.3 60.9
November 23.5 11.0 91.5 12.7 82.1 58.3
December 25.6 13.2 110.0 13.8 949 58.5
Spring 21.0 8.5 231.5 38.6 216.5 62.4
Summer 259 14.2 408.8 58.8 286.0 67.9
Autumn 21.0 9.9 277.2 65.5 193.4 79.9
Winter 14.5 3.8 182.5 52.1 135.0 86.2
Annual 20.6 9.1 1100.0 2149 830.9 74.1
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Figure 4-7 Projected changes in runoff (%), actual evapotranspiration (%) and soil moisture

(%) in the near future (2021-2060, 2040s) and the far future (2061-2100, 2080s) under RCP8.5

based on 28 GCMs compared with baseline at monthly time scale. Data presented are changes

in the 40-year mean values for each of the 28 GCMs. Box boundaries indicate the 25th and 75th

percentiles; the black lines and crosshairs within the box mark the median and mean,

respectively; the lower and upper whiskers indicate the 10th and 90th percentiles.
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Figure 4-8 Projected changes in runoff (%), actual evapotranspiration (%) and soil moisture
(%) in the near future (2021-2060, 2040s) and the far future (2061-2100, 2080s) under RCP8.5
based on 28 GCMs compared with baseline at seasonal and annual time scales. Data presented
are changes in the 40-year mean values for each of the 28 GCMs. Box boundaries indicate the
25th and 75th percentiles; the black lines and crosshairs within the box mark the median and

mean, respectively; the lower and upper whiskers indicate the 10th and 90th percentiles.
4.3.4 Relationships among hydrological responses and climate variables

Relationships among changes in hydrologic variables (runoff, evapotranspiration and soil
moisture content) and changes in daily maximum and minimum temperatures and rainfall are
shown in Table 4-3. Runoff, actual evapotranspiration and soil moisture content were all largely
dominated by rainfall at annual and seasonal time-scales. At annual time-scales, change in
runoff was only significantly correlated with change in rainfall, while change in actual
evapotranspiration was significantly correlated with change in rainfall, and daily maximum and
minimum temperatures, while soil moisture content was primarily dominated by rainfall and
daily maximum temperature. Furthermore, correlations of changes in hydrological variables to
changes in climatic variables were estimated using the multiple regression model. For example,
runoff could change by 5.1, 7.2, -7.7 and -10.6% in spring, summer, autumn and winter,
respectively, with an annual change of -4.9%, as a result of an increase of maximum
temperature of 1.0°C. Annual rainfall elasticity of runoff was about 2.1, that is, a 1% change in
mean annual rainfall results in a 2.1% change in mean annual runoff in this catchment. Finally,
the effect of changes in rainfall on actual evapotranspiration was smaller than its effect on soil
moisture content, and much smaller than its impact on runoff at seasonal and annual time-scales.
For instance, a 1% change in mean annual rainfall results in a 0.6% and 0.8% change in mean

annual actual evapotranspiration and soil moisture content, respectively, in this catchment.

Table 4-3 Regression coefficients of projected changes in hydrological variables (AY, %)
including runoff, actual evapotranspiration and soil moisture with changes in daily maximum
temperature (ATmax, °C), daily minimum temperature (ATmin, °C) and rainfall (AR, %) in a
multiple linear regression model (AY = aATmax + bATmin + cAR); *p < 0.05, **p < 0.01, ***p
<0.001.

Hydrologic variables Time periods a b c Adjusted R?
Annual -4.89 4.50 2.08%** 0.85
Spring 5.10 -5.50 1.46%** 0.72
A Runoff Summer 7.19% -8.99* 2.69%** 0.89
Autumn S7.73%** 7.37*** 1.84%%%* 0.87
Winter -10.62* 10.28** 1.61%** 0.77
A Actual evapotranspiration Annual 1.50%* -1.11* 0.55%%* 0.88
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Spring -2.98* 1.94 0.58%** 0.85

Summer 1.67* -1.22 0.37*** 0.82
Autumn 1.06 0.56 0.25%** 0.53
Winter -0.35 1.61 0.37*** 0.64
Annual -1.64* -1.08 0.76%** 0.90
Spring -3.84% -0.23 0.68*** 0.88
A Soil moisture Summer -0.05 -1.83* 0.62%** 0.88
Autumn -3.69%* 2.11% 0.52%** 0.67
Winter -4.24* 1.82 0.55%*x* 0.80

4.4 Discussion

In this study, hydrological responses to climate change and variability in the Manning
River catchment were simulated using an ensemble of 28 GCMs and the XAJ model. The
overall calibration and validation results demonstrated that the XAJ model was able to
satisfactorily reproduce the observed runoff in this catchment (Figures. 4-3 and 4-4), and the
calibrated XAJ model can be further used to evaluate the impacts of climate change and
variability on catchment hydrological variables. While the hydrological model was generally
able to replicate observed runoff, it might have some difficulties in reproducing the extreme
high runoff in the calibration period (Figures 4-3 and 4-4). Similar results in reproducing peak
flow also occur in other hydrological models. For example, Tian et al. (2013) used three models
(GRA4]J (Perrin et al., 2003), HBV (Lindstrom et al., 1997) and XAlJ) to simulate daily discharge
and their results demonstrated an underestimation of high rates of discharge in all three models.
Eum et al. (2016) used the Variable Infiltration Capacity (VIC) hydrologic model to simulate
daily runoff and found a poor capacity to simulate both low flows and very high flows. Thus,
difficulties in reproducing the highest rates of runoff are common because of the theories of
hydrological models and criteria of model calibration. This may be attributed to the theory of
runoff production (Hao et al., 2015). For example, the XAJ model assumes that runoff is not
generated until soil moisture content of the aeration zone reaches field capacity. This
assumption may not be valid during heavy rain events because these can produce runoff when
soils are not fully filled with water (unsaturation runoff) due to insufficient infiltration, which
is not simulated in the XAJ model (only saturation excess runoff is simulated). Therefore,
modification of the model structure by including unsaturation runoff during heavy rainfall

events may lead to improved hydrologic simulations during these periods.

Our results indicated that the median annual increase for maximum temperature was 1.4°C
(1.2-1.5°C) by 2021-2060 and 3.2°C (2.7-3.5°C) by 2061-2100, while minimum temperature
was predicted to increase by 1.5°C (1.3-1.7°C) in 2021-2060 and 3.5°C (3.1-4.1°C) in 2061-
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2100. The projected trend of increasing temperature agrees with previous studies. For instance,
Wang et al. (2017) reported a 3.7°C increase in temperature for RCP8.5 across the wheat belt
in NSW by 2061-2100. Moreover, an ensemble of 12 RCM simulations (4 GCMs x 3 RCMs)
performed by the NSW and ACT Regional Climate Modelling (NARCIiM) project projects a
0.7°C rise in mean temperature by 2020-2039 and a 2.0°C rise by 2060-2079 in the north coast
region of NSW (including the Manning River catchment)
(www.ccrc.unsw.edu.au/sites/default/files/NARCliM/index.html). However, it should be noted
that future time periods in our research (2021-2060 and 2061-2100) and the NARCIiM project
(2020-2039 and 2060-2079) are not exactly the same. In addition to temperature, our results
also showed that median rainfall is projected to have a significant increase in summer and a
decrease in winter in the future, although the largest rainfall is in the summer and the lowest
rainfall is in winter in this catchment (Table 4-2). Therefore, the trend of increasing values in
high rainfalls and a trend of decreasing values in low rainfalls are likely to generate a larger
degree of inter-seasonal variation in the Manning River catchment in the future. This is
generally consistent with previous studies. For example, NARCIiM also projects an increase in
rainfall during summer, autumn and spring and a decrease in winter across the north coast
region by 2060-2079. In addition, Liu and Zuo (2012) analyzed the changes in summer and
winter rainfall and found an increase in summer rainfall, whilst winter rainfall has a high

probability of decreasing in most areas of New South Wales.

Our results showed that multi-GCM ensemble median values exhibit a slight decrease (-
2.3% (-10.6~8.9%)) in annual runoff in 2040s, which is similar to the trend of change in
previous studies, despite the GCMs, hydrological models, downscaling methods and time
periods differing across studies. For instance, Chiew and Mcmahon (2002) concluded that the
annual runoff in catchments on the east coast of Australia could change by +15% by 2030
relative to 1990. Similarly, Chiew et al. (2003) used the SIMHYD model and the CSIRO Mark
2 GCM simulations and found a decrease in mean annual runoff of 6-8% in most of eastern
Australia in 2021-2050 relative to 1961-1990. Vaze and Teng (2011) used 15 GCMs and the
median estimate indicates that future mean annual runoff in 2030 relative to 1990 will be no
change to a slight reduction in the eastern parts of Australia. In addition, median estimates
suggest a trend of increasing values in summer runoff (the second largest runoff in the baseline
period) and a trend of decreasing values in winter runoff (the second smallest runoff in the
baseline period) in the future. Consequently, the trend of increasing values of high runoffs and
a trend of decreasing values of low runoffs is likely to generate larger inter-seasonal differences
in the future. This seasonal change in runoff is also consistent with previous studies (Chiew et
al., 2009; Vaze and Teng, 2011; Eisner et al., 2017). Moreover, median estimates show that

seasonal soil moisture content is predicted to decrease significantly in spring and winter. The
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projected decrease in runoff and soil moisture in winter will threaten surface water supplies and
have adverse implications for agriculture (Gardner, 2009), which has significant implication

for land and water resource management in the future.

Changes in regional temperature and rainfall expected to occur as a result of future climate
change and variability may have significant impacts on different components of a catchment
water budget (Nash and Gleick, 1991). Thus, changes in runoff are largely related to variations
in rainfall (Reshmidevi et al., 2018). In addition, changes in temperature are likely to have
impacts on runoff production through increasing evapotranspiration from soil and vegetation
(Wang et al., 2016). Our results suggested that runoff changes are more sensitive to changes in
rainfall than changes to temperature (Table 4-3) and this agrees with previous studies (Chiew
etal., 1995). A case in point is that Chiew and Mcmahon (2002) carried out climate change and
variability impacts modelling on 28 unimpaired Australian catchments and found that the
impact on runoff was much more dependent on rainfall than temperature. Rainfall elasticity is
a simple estimate of the sensitivity of runoff to changes in rainfall, and is particularly useful as
an initial estimate of climate change and variability impacts on runoff (Chiew, 2006). Thus, it
should be noted from Table 4-3 (coefficient “c” for annual runoff is 2.08) that the percentage
change in average annual rainfall is generally amplified two fold in average annual runoff
change, which is also in commonly observed in previous research (Sankarasubramanian et al.,
2001; Chiew, 2006). For example, Jones et al. (2006) estimated the sensitivity of mean annual
runoff to climate change and variability using 3 models across 22 Australian catchments and
results show mean sensitivities of 2.4%, 2.5% and 2.1% change in mean annual flow for every
1% change in mean annual rainfall, respectively. In addition, Table 4-3 shows that the lowest
seasonal rainfall elasticity of runoff was observed in spring, and this may be because of the
largest ET/P (Evapotranspiration/Rainfall) ratio occurring in spring (Table 4-2), which means
spring is a relatively dry season in this catchment, and the increase in rainfall is mainly used to
evaporate and replenish soil moisture content (Table 4-3 shows that the highest value of

coefficient “c” for seasonal actual evapotranspiration and soil moisture occurs in spring).

In addition to runoff, variation in modelled actual evapotranspiration and modelled soil
moisture content were also both largely dominated by variation in rainfall and have a weaker
correlation with changes in temperature at annual and seasonal scales (Table 4-3). Therefore,
there was a good correlation between the major components of the water budget and rainfall,
reflecting the fact that rainfall is the ultimate source of water for the land surface water budget
(Fekete et al., 2004). However, the effect of variation in rainfall on actual evapotranspiration is
much smaller than its effect on runoff, in agreement with previous findings (Chiew and

Mcmahon, 2002).
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Assessments of the impacts of climate change and variability on catchment water budgets
are affected by the uncertainties in the GCMs, downscaling methods and GHG emission
scenarios, as well as the uncertainty in the hydrologic model itself. This study used an ensemble
of 28 GCMs to reduce uncertainties arising from the choice of a single GCM. However, we
only used one hydrological model to simulate water resource availability, and therefore this
may contribute some uncertainty because of the choice of model parameters and model
structure (Eum et al., 2016). Jiang et al. (2007) applied six, monthly water balance models and
found large differences in predicted runoff, actual evapotranspiration and soil moisture content
among models. Consequently, using an ensemble of hydrological models, a larger array of
climate projections, different downscaling methods and various bias correction algorithms, is
recommended to provide a full range and probability of future hydrologic simulations
(Teutschbein and Seibert, 2012; Eum et al., 2016). In addition, regression analyses were used
to quantify the effects of climate variables on hydrologic variables. However, the multiple Liner
Regression Model used in this study basically assumes that rainfall, Tmin, and Tmax are
independent. Therefore, an interaction term should be added in the linear model equation or
two-parameters based on observations (Fu et al., 2007) which already account for the
interaction term should be used in future studies. Furthermore, the present study was focused
on the Manning River catchment, which although deemed to be representative of such
catchments, lacks replication at the catchment-scale. Consequently, more catchments will be
selected in a following study to represent the large range of climate, physical and flow

characteristics throughout Australia, and to provide insights for future water management.
4.5 Summary and conclusions

This study analysed the hydrologic sensitivity of the Manning River catchment under
projected climate change and variability scenarios using the XAJ hydrological model driven by
statistically downscaled climate data from 28 GCMs. For the XAJ model calibration and
validation periods, the daily NSE were 0.89 and 0.93, and daily R* were 0.93 and 0.93,
respectively, with monthly NSE > 0.92 and monthly R? > 0.94. Therefore, the XAJ model
performed satisfactorily in this catchment (NSE and R? were much larger than 0.50). This study
explored the impacts of climate change and variability on the water balance of the Manning
River catchment for 2040s and 2080s. Runoff, actual evapotranspiration and soil moisture
content were all largely dominated by rainfall at annual and seasonal time-scales. Maximum
temperature was predicted to increase 1.4°C (1.2-1.5°C) and 3.2°C (2.7-3.5°C) in 2040s and
2080s, while minimum temperature was predicted to increase 1.5°C (1.3-1.7°C) and 3.5°C (3.1-
4.1°C) in 2040s and 2080s, respectively, as estimated from the median of the 28 GCMs. At an

annual time-scale, rainfall, runoff, actual evapotranspiration and soil moisture content were
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projected to change -0.3% (-5.2~4.2%) and 4.6% (-9.5~10.8%), -2.3% (-10.6~8.9%) and 7.7%
(-17.2~22.0%), 0.6% (-3.0~3.7%) and 1.8% (-4.3~8.6%), and -4.4% (-8.8~0.2%) and -5.1% (-
15.5~-1.6%) in 2040s and 2080s, respectively. Variations at monthly and seasonal time-scales
were also analyzed. With the trend of increasing values in high rainfall and runoff, and the trend
of decreasing values in low rainfall and runoff estimated from the ensemble of the 28 GCMs, a
larger degree of inter-seasonal variation in the Manning River catchment are likely to be
generated in the future. In addition, reductions in winter runoff and spring and winter soil
moisture content in the future are likely to aggravate future water stress for crop growth and
productivity (Elmahdi, 2015). These results can potentially contribute to the development of
adaptive strategies and future policy options for the sustainable management of water resources
in eastern Australia. The research methods used in the Manning River catchment of eastern
Australia can be further extended to any other catchments and we expect our study provides
helpful reference for climate change and variability impact assessments on water resource

management in similar areas.
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Chapter 5. Using an improved SWAT model to simulate hydrological
responses to land use/cover change: a case study of a catchment in tropical

Australia

This chapter is based on the following manuscript:

Zhang, H., Wang, B., Li Liu, D., Zhang, M., Leslie, L. M., & Yu, Q. (2020). Using an
improved SWAT model to simulate hydrological responses to land use change: a case study of

a catchment in tropical Australia. Journal of Hydrology, 124822.

Highlights:

1. Hydrologic impacts of LUCC assessed in tropical Australia using SWAT-T model;
2. SWAT-T performed better for both LAI and streamflow than default SWAT;

3. Urbanization increased surface runoff and decreased lateral runoff and groundwater;

4. Afforestation decreased surface runoff and increased evapotranspiration.
Abstract

Land use/cover change is one of the dominant driving factors of watershed hydrological
change. Thus, hydrological responses to land use/cover changes require detailed assessments
to ensure sustainable management of both water resources and natural ecosystems. The Soil
and Water Assessment Tool (SWAT) model has been widely used to simulate the impacts of
land use/cover change on water balance. However, the original SWAT model has poor
performance in estimating the leaf area index (LAI) of different vegetation types for tropical
areas. The objective of this study was to simulate the impact of different land use/cover change
scenarios (deforestation, afforestation and urbanization) on the water balance, using an
improved SWAT model with vegetation growth calibrated from MODIS LAI data. The North
Johnstone River catchment in wet tropical eastern Australia was selected as the case study area.
Results showed that the modified SWAT model was able to reproduce smoothed MODIS LAI
with NSE > 0.59 (NSE < 0 for default SWAT), R? > 0.70 (R* < 0.66 for default SWAT), and
[PBIAS| < 2.5% (|[PBIAS| > 42% for default SWAT), and to predict monthly streamflow well
with NSE > 0.92 (NSE > 0.90 for default SWAT), R?> 0.94 (R?> 0.90 for default SWAT). It
is noted that SWAT-T had [PBIAS| < 10% while [PBIAS| < 5% for default SWAT. Land
use/cover change impacted all hydrological variables, with the impact on surface runoff being
the most notable at yearly scale (8.9%, 5.7%, -9.5% and 15.9% for scenario 1, 2, 3 and 4,
respectively). Absolute changes of surface runoff under land use/cover change scenarios

differed across months, with the most notable absolute change occurring during the wet season
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(December to May) (1.2 ~ 6.6mm, 1.0 ~ 3.5mm, -7.3 ~ -1.Imm and 3.0 ~ 9.0mm for scenario
1, 2,3 and 4, respectively). Urbanization increased surface runoft (5.7% and 15.9% for scenario
2 and 4, respectively) and decreased lateral runoff (-0.7% and -1.3%) and groundwater (-0.9%
and -3.5%), but produced no clear change in total runoff (0.2% and 0.2%), actual
evapotranspiration (-0.3% and -0.3%), and soil water (0.5% and 0.7%) at the annual time scale.
Furthermore, afforestation could decrease surface runoff (-9.5% for scenario 3) and soil water
(-2.0%), increase evapotranspiration (1.7%), and lead to slight changes (absolute values < 0.8%)
in other hydrological variables at the annual time scale. A strong positive correlation (r > 0.94)
was observed between annual rainfall and total runoff for forest-evergreen, range-grasses, and
urban land use/cover. Forest-evergreen generally produced less total runoff than range-grasses
and urban land use/cover under conditions of the same rainfall, terrain slope, and soil texture.
In addition, urban land use/cover generally produced more surface runoff and less lateral runoff
and groundwater than forest-evergreen and range-grasses under the same conditions. These
results contribute important information for development of effective adaptation strategies and

future policy plans for sustainable water management in tropical eastern Australia.

Key words: MODIS LAI; land use/cover change; SWAT-T model; tropical eastern Australia; runoff
5.1 Introduction

Urbanization, agricultural development, deforestation, and other human activities lead to
spatial and temporal changes in land use/cover, that can affect water flow pathways and the
water balance (Welde and Gebremariam, 2017). Land use/cover change (LUCC) plays an
important role in earth-atmosphere interactions and biodiversity loss and is a major factor
influencing sustainable development (Turner et al., 1995). LUCC can directly affect global
carbon budgets, biodiversity, and ecosystem function (Aide et al., 2013). Many regions
worldwide have experienced massive LUCC over recent decades (Schirpke et al., 2012).
Although the net decrease of natural forest area was slowing down globally in the period from
2000 to 2010 (Meyfroidt and Lambin, 2011), deforestation remains one of the major processes
of LUCC, with multiple implications for global environmental change (Lambin and Geist,
2008). For example, a large amount of natural land in China, including wetlands and forests,
has been developed into arable land and human settlements due to rapid urbanization over the
past two decades (Song and Ding, 2009; Yu et al., 2011). Extensive deforestation occurred in
Latin America and the Caribbean during the first decade of the 21st century, but extensive areas
also recovered woody vegetation (>360,000 km?) across the region (Aide et al., 2013). About
30% of total forest land is under pressure from rapid LUCC in Northeast India, which is one of

the recognized global biodiversity hotspots (Lele and Joshi, 2009).
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Since 1990, Australia's plantation area has increased by around 700,000 hectares (Parsons
etal.,2007). The extensive LUCC in Australia along with agricultural development has induced
an instability in the water cycle, leading to increased land and water salinization over massive
areas (Zhang et al., 2001). In the study of hydrological responses to LUCC, forest hydrological
effects have attracted much attention, especially the impacts of afforestation and deforestation.
Most results have shown that catchment runoff decreased significantly after afforestation and
increased obviously after deforestation (Li et al., 2012). For example, Crosbie et al. (2007)
concluded that runoff was significantly reduced in five years after the land use/cover of annual
cropping and pastures changed to tree belts with perennial pastures in a small agricultural
catchment in central NSW, Australia. Chen and Yu (2015) assessed likely impacts of two LUCC
scenarios in southeast Queensland and found that extreme LUCC would significantly affect
flooding in rural catchments, but not in urbanized catchments. The importance of water in both
nature and society emphasizes the necessity for greater understanding how LUCC could

influence regional streamflow regimes.

There are three main methods used to quantitatively analyze the impacts of LUCC on
hydrology and water resources: 1) the “paired-catchment” experimental method (Bosch and
Hewlett, 1982), 2) the time series analysis method (Li et al., 2012), and 3) the hydrological
model method (Mwangi et al., 2016). In the “paired-catchment” experimental method, two
catchments with similar areas, shapes, climate, vegetation, and soil are selected and observed.
Generally, the first 3-5 years (preferably including a wet year, a normal year, and a dry year)
are the control period with no experimental measures. After that, the land use/cover of one of
the catchments will be artificially changed, while other conditions remain the same. The other
catchment remains in the original state, and is referred to as the “reference catchment”. After
an observation period, the runoff in the two experimental catchments is compared and analyzed,
and the impacts of LUCC on water quantity are quantitatively analyzed. The “paired-catchment”
experimental method is generally considered to be the best way to compensate for climate
variability in small catchments, but the method is difficult to apply to catchments (other than
small ones) as finding two similar medium or large catchments is difficult. Also, even similar
catchments may change significantly at different stages (Li et al., 2009b). The second method,
the time series analysis method, can be used to analyze the changing trend of hydrologic and
climatic data, but the spatial heterogeneity of a catchment and the mechanisms of LUCC and
climate change and variability on the water cycle cannot be determined. Since the 1970s, with
the development of computer science, geographic information systems and remote sensing
technologies, hydrological models have been more widely used to determine LUCC impacts in
water cycle studies. Hydrological models provide a framework for conceptualizing and

studying the relationships among climate change and variability, land use change, and the water
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cycle. Among these models, distributed hydrological models have significant applications
because they directly relate model parameters to characteristics of the earth’s surface (Legesse
et al., 2003). Therefore, determining how to construct a distributed hydrological model to study
the hydrological response to LUCC is a question that must be researched in depth.

SWAT (Soil and Water Assessment Tool) is a semi-distributed and physically based
watershed-scale hydrological model developed by Arnold et al. (1998) at the USDA-ARS. It
simulates long-term hydrological variables (e.g., streamflow) at a daily time scale (Brown et
al., 2015). SWAT is considered to be one of the most appropriate models for assessing
hydrological responses (water, sediment, and nutrient loss) to land use/cover change in
watersheds with different land use/cover, soils, and management conditions (Arnold and Fohrer,
2005). In general, managing vegetation growth is necessary in distributed hydrological models
because evapotranspiration is an important component of the water cycle (Abbaspour et al.,
2015). A simple plant growth model is used in SWAT to simulate growth and yield of all kinds
of vegetation (Abbaspour et al., 2015). The plant growth model in SWAT was developed for
temperate areas and is not suitable for monsoon-driven or tropical regions (Wagner et al., 2011).
For instance, the day length-driven dormancy used in temperate areas to separate annual plant
cycles is not consistent with plant growth in the tropics. Therefore, the model’s suitability to
simulate plant growth has not been reflected critically in most SWAT research for tropical areas,
possibly because model calibration and validation are normally based on streamflow and/or
water quality outputs (Strauch and Volk, 2013). However, successfully reproducing these
outputs does not imply a correct simulation of the internal hydrological processes in a
catchment (Strauch and Volk, 2013). Therefore, a few studies have been conducted to improve
the plant growth model in SWAT globally including tropical areas (Strauch and Volk, 2013;
Alemayehu et al., 2017; Guo et al., 2019; Ma et al., 2019). For instance, Strauch and Volk (2013)
presented an alternative approach to automatically trigger new growing seasons during the
transition from dry to wet season based on changes in soil moisture for tropical areas.
Meanwhile, a general improvement (independent of whether or not the area is in tropics) has
been implemented with the LAI decline rate modified to a logistic function which provides a
sigmoidal decrease toward the minimum LAI. Their results showed that the modified plant
growth model could reasonably represent seasonal dynamics of the LAI, and the modified
model should be useful for large parts of the model community. Alemayehu et al. (2017)
modified the SWAT model for the tropics using a straightforward but robust soil moisture index
(a quotient of rainfall and reference evapotranspiration) to trigger a new growth cycle within a
predefined period, and results indicated that this index was reliable for triggering a new annual
growth cycle. In addition, Ma et al. (2019) integrated downscaled high quality MODIS LAI
into modified SWAT plant growth model and reported a high accuracy in the validation of
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streamflow in the subtropics. However, to the best of our knowledge, the SWAT model with an
improved plant growth model has never before been applied to tropical regions of Australia.
Consequently, we selected a catchment representative of the tropics in Australia to explore and
assess the performance of the modified SWAT (SWAT-T) model, as improved by Strauch and
Volk (2013).

The aim is to evaluate the performance of SWAT-T and to assess hydrological responses
to land use/cover change in wet tropical Australia. We selected the North Johnstone River
catchment as a case study. The specific objectives of this study were to: (1) evaluate the
performance of the SWAT-T and default SWAT model for simulating leaf area index (LAI) and
streamflow of the North Johnstone River catchment; (2) using both models (SWAT-T and
default SWAT) to forecast changes in simulated surface runoff, lateral runoff, groundwater, total
runoff, actual evapotranspiration, and soil water under different land use/cover change
scenarios; and (3) identify rainfall-runoff relationships of different land covers to explain water

availability changes caused by land use/cover change.
5.2 Materials and methods

5.2.1 Study area

The North Johnstone River catchment (Figure 5-1) is situated in the wet tropics of North
Queensland. The catchment area is about 924 km? with elevation ranging from 18 m to 1370
m. In this catchment, the mean annual temperature is about 21.4°C, mean annual rainfall is
approximately 2740 mm and mean annual runoff is about 1995 mm (averaged from 1967 to
2017). Rainfall is affected by monsoons and tropical cyclones/lows/depressions and is strongly
seasonal with 78% of the total annual rainfall occurring during the wet season from December
to May (Figure 5-2). The catchment also receives regular rainfall throughout the year in contrast
to dry tropical areas. The Johnstone River catchment is divided into three distinct regions: the
upper (tablelands or hinterland), the central (the Range or World Heritage), and the lower
(coastal or floodplain) regions. The two key tributaries that discharge into the Great Barrier
Reef lagoon are the North Johnstone and South Johnstone Rivers. The other major streams are
the Moresby River, Liverpool Creek, and Maria Creek. These three streams are lowland
waterways, whereas the North and South Johnstone Rivers begin in the upland “mixed land
use/cover” tablelands. Agriculture, residential, and industrial developments (including roads)
can have important impacts on the way water flows through the landscape

(https://wetlandinfo.des.qld.gov.au/wetlands/facts-maps/sub-basin-north-johnstone-river/).

Thus, understanding how land use/cover changes influence regional streamflow regimes is

essential for deciding how best to manage the catchment and to protect its resources.
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Figure 5-1 The location of the North Johnstone River catchment, Queensland, Australia
(divided into 33 sub-basins by the SWAT model), and 11 observation stations (10 weather
stations and one hydrologic gauge station (Tung Oil gauge)).

600 60
~ === Temperature ¢
5 400 40 &
o
= 300 A 30 E
E& = - - g
3 200 - N ~eemee="" - 20
&

100 ~ 10

0

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 5-2 Mean monthly rainfall and temperature (1967-2017, average over 10 weather

stations shown in Figure 5-1) weighted by catchment area using the Thiessen polygon method.
5.2.2 The SWAT model

The SWAT hydrological model (SWAT 2012) is used to represent the main hydrological
processes within the catchment. SWAT is a process-based and semi-distributed hydrological
model that simulates the major water balance components continuously at a daily time step
(Arnold et al., 1998). SWAT can simulate watershed hydrological characteristics under
different land use/cover and climate conditions, making it a widely used hydrology-related tool
for land use/cover change and climate change and variability research (Li et al., 2011; Shrestha
et al., 2017; Reshmidevi et al., 2018). However, examples from tropical Australia are limited
with most studies concentrated in the eastern and southeastern part of the country (Saha and
Zeleke, 2015). The model was selected based on considerations such as its ability to represent
the physical processes related to water movement, support documentation, and additional

software (SWAT-CUP, SWAT Calibration and Uncertainty Programs) for model calibration
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and validation. The Hargreaves method available in the SWAT interface was used to calculate
potential evapotranspiration (Reshmidevi et al., 2018) using air temperature as input data
(Brown et al., 2015). In this study, surface runoff and infiltration is computed with daily rainfall
using the Soil Conservation Service (SCS) Curve Number (CN) method (USDA, 1972). Further
model details can be found in Neitsch et al. (2011).

However, the original SWAT model performs poorly in estimating LAI of different
vegetation types for tropical areas, thus, an improved SWAT model (SWAT-T) (Strauch and
Volk, 2013) was used in this study. This approach used simulated plant available water in the
upper soil layers as a trigger for a new growing cycle. In the SWAT-T model, two new
parameters TRAMO; and TRAMO, were implemented to define the first and the last month of
a region-specific ‘transition period’ from dry to wet season. In this study, based on the MODIS
LAL the default values of TRAMO; and TRAMO, were set to 7 (July) and 8 (August) in the
sub-basin input files, respectively. In addition, for this SWAT-T model, a logistic function that
provides a sigmoidal decrease towards the minimum LAI was used to modify the LAI decline
rate. Further model details can be found in Strauch and Volk (2013). According to the user’s
manual from Strauch and Volk (2013), no management settings in the operations schedule were
defined for the SWAT-T model in this study. Furthermore, the SWAT-T model was calibrated
and validated only against streamflow. The model simulations were not calibrated and validated
with actual evapotranspiration and soil water content due to a lack of field data for these variables.
The absolute values of actual evapotranspiration and soil water content should therefore not be used
directly. However, comparing the relative changes in the simulations is still reasonable and valuable

because the hydrological model mimics the actual water cycle.
5.2.3 Data preparation

Multiple data sets are required in SWAT as input to develop a semi-distributed model
using the ArcSWAT interface. This section describes the processing of the respective data. The
data for SWAT model development, data sources, and relevant characteristics are listed in

Table 5-1.

Table 5-1 Data used in this study, data sources, and relevant characteristics.

Data Source Relevant Characteristics

Digital elevation model (DEM)  Geoscience Australia 1 second SRTM Derived DEM
NASA LP DAAC at the USGS . )

Land use/cover map 500 m spatial resolution
EROS Center

. . . The maps were published at a
Soil map Bureau of rural sciences, Australia
scale of 1:2,000,000
Australian Government Bureau of ~ Average daily discharge

Meteorology (1967-2017)

Observed streamflow
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Maximum and minimum daily

Observed meteorological data Bureau of meteorology, Australia ~ temperature and rainfall
(1967-2017)
MODIS LAI products 500 m spatial resolution, 4-

Leaf area index .
MCDI15A3H V6 day composites (2003-2017)

5.2.3.1 Digital elevation model (DEM), land use/cover, and soil data

SWAT primarily relies upon defined hydrologic response units (HRUs) that are based on
land use/cover maps, soil maps, and slope characteristics (Pignotti et al., 2017). In this study,
five slope classes (i.e., 0-10%, 10-20%, 20-30%, 30-50%, and greater than 50%) were defined
for slope discretization and 778 HRUs were produced using a multiple HRU generation method
with land use/cover, soil, and slope input (thresholds of 2%-2%-2%) using the SWAT interface.

The details of DEM, land use/cover, and soil data used in this study are given below.

DEM data are required in SWAT for watershed and river network delineation, and sub-
basin generation. In this study, 33 sub-basins were generated (Figure 5-1). From DEM, sub-
basin parameters (e.g., slope gradient and slope length of the terrain) and river network
characteristics (e.g., channel length, width, and slope) were obtained. A 1-second resolution
Shuttle Rader Topography Mission (SRTM) derived DEM from Geoscience Australia
(https://elevation.fsdf.org.au/) was used in this study. DEM was masked for SWAT model

development in the North Johnstone River catchment (Figure 5-1).

The land use/cover data developed by NASA LP DAAC at the USGS EROS Center with
500 m spatial resolution (https://Ipdaac.usgs.gov/products/mcd12q1v006/) was used and
reclassified to match the SWAT land use/cover classes for HRU delineation in the SWAT
model (Figure 5-3a). There were eight land use/cover classes in this catchment (Figure 5-3a):
forest-evergreen (FRSE), forest-mixed (FRST), forest-deciduous (FRSD), range-brush
(RNGB), range-grasses (RNGE), wetlands (WETL), agricultural land-generic (AGRL), and
urban (URBN).

A soil map and a database table of soil characteristics (e.g., soil hydrologic group,
maximum rooting depth of the soil profile, moist bulk density, etc.) for different soil layers are
required by the SWAT model (Saha et al., 2014). We clipped the soil map for the North
Johnstone River catchment from the Digital Atlas of Australian Soil (Figure 5-3b). Based on
the available references and lookup tables (McKenzie et al., 2000; Western and McKenzie,
2004; Saha et al., 2014), we created a “‘usersoil’’ database table to delineate HRU in SWAT

for the North Johnstone River catchment.
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Figure 5-3 The land use/cover classification map (a) and soil map (b) for the North Johnstone

River catchment, Queensland, Australia.
5.2.3.2 Climate data and river discharge

Daily maximum temperature, minimum temperature, and rainfall from 1967 to 2017 at 10
climate stations (Figure 5-1) within or near the catchment were collected from the Australian
Government Bureau of Meteorology (BOM) website (http://www.bom.gov.au/climate/data/).
These climate data were used for driving SWAT model simulations. According to the default
setting in SWAT, one climate station was assigned to each sub-basin which was closest to sub-
basin’s centroid (Sirisena et al., 2018). For streamflow calibration and validation, daily
observed discharge at the Tung Oil gauge (Figure 5-1) also were collected from the Australian
Government BOM website (http://www.bom.gov.au/waterdata/). For streamflow calibration, a
calibration period that includes wet, normal and dry years was selected so that the model
parameters were set for a wide range of climate conditions and also for the validation period.
Accordingly, daily observed streamflow data for the periods of 2008-2017 (2005-2007 as
warm-up) and 2003-2007 (2000-2002 as warm-up) were used for streamflow calibration and
validation, respectively, whereas daily observed climatic and hydrological data for the 1967-
2017 period were used to assess land use/cover change impacts on water availability with the
calibrated SWAT-T model. To be consistent with the calibration and validation periods for

streamflow, the same periods were used for LAI calibration and validation.
5.2.3.3 Leaf area index

It was found that the default SWAT model could not well reflect the dynamics of LAI.
Therefore, SWAT-simulated LAI was calibrated to MODIS-derived, four-day LAI composites
using the SWAT-T model (Strauch and Volk, 2013) for tropical plant growth. This SWAT-T

model has been shown to improve the representation of shifts between plant dormancy and
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growth in tropics by using soil moisture, rather than day-length, to represent crucial
phenological thresholds (Strauch and Volk, 2013). A 4-day composite MCD15A3H V6 LAI
dataset with 500 m pixel size was used in this study. For each of the land cover classes, 4-day
median LAI time series were extracted from 2003 to 2017 using methods according to previous
studies (Strauch and Volk, 2013; Alemayehu et al., 2017). In addition, the BFAST method
(Verbesselt et al., 2010) was used to smooth the 4-day raw-median LAI time series for different
land use/cover types (see Figure 5-4) (Hoyos et al., 2019). Since LAI was HRU-related outputs,
we derived the area-weighted HRU mean for comparison with the smoothed median MODIS
LAI (Strauch and Volk, 2013) and calibrated the LAI parameters manually. Additionally, we
aggregated daily simulated LAI to 4-day scale to calibrate LAI parameters using a trial-and-
error process such that the SWAT-T simulated 4-day LAI mimicked the MODIS 4-day LAI
According to the smoothed LAI data (Figure 5-4), AGRL and WETL had maximum LAI values
(~2.4) in March, and minimum values (1.8 and 1.9) in July and August, respectively. FRSE and
FRSD peaked in October (6.0 and 5.3) and February (5.3 and 5.1) and reached minimum values
(3.7 and 4.0) in June. RNGB and RNGE had maximum LAI values (3.5 and 2.4) in February
and reached minimum values (2.9 and 2.0) in July. The high values of smoothed LAI were
generally observed during the wet season (December to May) (Figure 5-4), which indicated
consistency in the smoothed LAI time series. Thus, the plant growth module in the SWAT-T
model was calibrated and validated using the smoothed LAI time series (Alemayehu et al.,

2017).
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Figure 5-4 The 4-day raw-median LAI and BFAST-smoothed LAI time series for the land
use/cover classes of agricultural land-generic (AGRL), wetlands (WETL), forest-evergreen

(FRSE), forest-deciduous (FRSD), range-brush (RNGB), and range-grasses (RNGE).
5.2.4 Model calibration and evaluation approach

SWAT Calibration and Uncertainty Programs (SWAT-CUP), a standalone computer
program developed for calibration, validation, and uncertainty analysis of SWAT, was used to
optimize SWAT model parameters (Abbaspour, 2013). SWAT-CUP links five different
calibration procedures, which are Sequential Uncertainty Fitting Ver. 2 (SUFI-2) (Abbaspour
et al., 2007), Generalized Likelihood Uncertainty Estimation (GLUE) (Beven and Binley,
1992), Particle Swarm Optimization (PSO) (Zhang et al., 2015), Parameter Solution (ParaSol)
(Van Griensven and Bauwens, 2003), and Markov Chain Monte Carlo (MCMC) (Marshall et
al., 2004). The program SUFI-2 was selected in this study for SWAT-T calibration, validation,
and uncertainty analysis because it was found to be quite efficient for time-consuming large-
scale models (Yang et al., 2008). Two types of sensitivity analysis methods are allowed in the
SUFI-2 program: global sensitivity method and one-at-a-time sensitivity analysis method
(Abbaspour, 2013). The global sensitivity analysis method was used to rank the sensitivity of
22 parameters in SWAT-T. In this sensitivity analysis method, the smaller the p-value and the

larger the absolute value of t-stat, the more sensitive the parameter is (Abbaspour, 2013).

Uncertainty in SUFI-2 parameters, conveyed as ranges (uniform distributions), accounts
for total sources of uncertainties like uncertainty in driving variables (e.g. rainfall), observed
data, conceptual models, and parameters (Abbaspour, 2013). Propagation of the parameter
uncertainties results in uncertainties in the SWAT model output variables, which are manifested
as the 95% probability distributions (Abbaspour, 2013). These are computed at 2.5% and 97.5%
levels of the cumulative distribution of model output variables produced by the propagation of
the uncertainties in parameters using Latin hypercube sampling (Abbaspour, 2013). This is
called the 95% prediction uncertainty (i.e., 95PPU). Two statistics ‘‘P-factor’’ and ‘‘R-factor™’
were created to quantify the fit between simulation results (95PPU) and observation data with
its error (Abbaspour et al., 2015). The P-factor is the proportion of observed data enveloped by
the simulation results, the 95PPU, while the R-factor is the breadth of the 95PPU envelope.

Monthly observed and simulated discharge for the period of 2008-2017 and 2003-2007
were used for SWAT-T calibration and validation, respectively. The results for water balance
components all were presented at a monthly or annual time step. Therefore, calibrating
discharge at a monthly time step rather than daily time step makes the calculation process faster
and more efficient. Monthly streamflow was calibrated with SUFI-2 using 500 simulations per

iteration (4 iterations) by maximizing the value of Nash-Sutcliffe Efficiency (NSE) (Nash and
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Sutcliffe, 1970). In this study, we followed Shi et al. (2011) by using NSE, percent bias (PBIAS),
and coefficient of determination (R?) as statistical evaluation criteria. NSE is one of the most
commonly used standards for comparing simulations of hydrological models with observed
data (Le and Pricope, 2017). NSE values vary from -co to 1 with a value of 1 indicates that the
model-simulated results and observed data are perfectly matched, hence, the closer the NSE is
to 1, the better performance the SWAT model will have. PBIAS evaluates the average trend of
the model simulations to be greater or less than their observed counterparts. A positive value
of PBIAS demonstrates an overestimation bias while a negative value indicates an
underestimation (Shi et al., 2011). Therefore, the smaller the absolute value of PBIAS, the better.
NSE, PBIAS, and R? were calculated as follows:

_ Z?I:1(Qsim,i_Qobs,i)
PBIAS - 100( 2?1=1(Q0bs,i) ) (1)
NSE =1 — Z?’:l(Qobs,i_Qsim,i)z (2)

Z?L1(Q0bs,i_aobs)2

R? =

[Zliv=1(Qobs,i_Qobs)(Qsim,i_Q_sim)]z (3)
Z£1(Qobs,i_Q_obs)2 Z?Ll(Qsim,i_Qsim)z
where Q,ps and (@, are the observed and SWAT-T model-simulated monthly
streamflow (m?/s), respectively; Q,ps and Qg are the mean observed and SWAT-T model-
simulated monthly streamflow (m?/s), respectively; N is the number of samples, and i is the ith

sample.
5.2.5 Different land use/cover scenarios

The most common land cover classes of the North Johnstone River catchment were FRSE
(forest-evergreen) and RNGE (range-grasses), which accounted for around 63.7% of the total
region. To evaluate the hydrological response to land use/cover changes in the catchment, four
scenarios (Table 5-2) were considered. These changes were achieved by using the Land Use
Update tool in the ArcSWAT interface at the sub-basin scale (Marhaento et al., 2017). For
instance, FRSE can be considered to be replaced by RNGE only if both land use/cover types
exist in the same sub-basin (Shrestha et al., 2017). Therefore, these partial conversion scenarios
mainly occurred in the northwestern part of the catchment where there is less rainfall
distribution compared to the downstream part (the forest part) of the catchment (Figure 5-3).
Scenario 1 supposes that all current FRSE will be changed to RNGE while the rest of the land
covers will remain unchanged. This means an 11.5% increase in RNGE area over the entire
catchment. Scenario 2 supposes that all current FRSE will be converted to URBN, representing
a 2.3% increase in URBN area over the entire catchment. Scenario 3 supposes that all current

RNGE will be changed to FRSE, representing a 14.1% increase in FRSE area over the entire
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catchment. Scenario 4 supposes that all current RNGE will be converted to URBN, representing
an 8.4% increase in URBN area over the entire catchment. These four land use/cover change
scenarios (i.e. deforestation, deforestation/urbanization, afforestation, and urbanization) were
on the basis of present land use/cover conditions and potential future land use/cover plans
(residential development) in the North Johnstone River catchment (Wang et al., 2008). The land
use/cover change scenarios are shown in Table 5-2 and the percentage areas of the four
scenarios are shown in Figure 5-5. FRST was classified as FRSD in Figure 5-5 because of its

small area proportion shown in Figure 5-3.

Table 5-2 Land use/cover change scenarios in the North Johnstone River catchment,

Queensland, Australia.

. . Supposes that all present FRSE will be converted to RNGE, and the rest of
Scenario 1 Deforestation . . . .
land uses/covers remain unchanged, i.e. 11.5% increase in RNGE area

S - Urbanization  Supposes that all present FRSE will be changed to URBN, and the rest of
cenario
/deforestation  land uses/covers remain unchanged, i.e. 2.3% increase in URBN area

. . Supposes that all present RNGE will be converted to FRSE, and the rest of
Scenario 3 Afforestation ) ) ) )
land uses/covers remain unchanged, i.e. 14.1% increase in FRSE area

. L Supposes that all present RNGE will be changed to URBN, and the rest of
Scenario 4 Urbanization . ) ) .
land uses/covers remain unchanged, i.e. 8.4% increase in URBN area

Scenario 1: deforestation

Scenario 0
o 3.1%
4,20 31% e 4.2%3-1%
6.5% =
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9.0 9.9% 31.7%
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Figure 5-5 Land use/cover proportions for scenario 0 (default land use/cover) and four land
use/cover change scenarios in the North Johnstone River catchment, Queensland, Australia.

Scenario 1: forest-evergreen (FRSE) to range-grasses (RNGE); scenario 2: forest-evergreen



(FRSE) to urban (URBN); scenario 3: range-grasses (RNGE) to forest-evergreen (FRSE); and
scenario 4: range-grasses (RNGE) to urban (URBN).

5.3 Results

5.3.1 SWAT-T LALI calibration

Table 5-3 presents the calibrated values for LAI which were adjusted using a manual
calibration method. The minimum LAI (ALAI MIN) for each land use/cover was defined
according to long-term MODIS LAI As suggested by Strauch and Volk (2013), the total
number of heat units needed to bring plants to maturity (PHU PLT) was calculated using the
long-term daily mean temperature. The shape coefficients (FRGW1, FRGW2, LAIMXI,
LAIMX2, and DLAI) for the LAI curve and the remaining parameters were calibrated by a
trial-and-error process to ensure that the LAI simulated by SWAT-T mimicked the smoothed
MODIS LALI The calibrated values and calibration methods for each LAI parameter and each
land use/cover are shown in Table 5-3. The LAI parameters of FRST were not calibrated
because of the small area proportion in the catchment. Thus, the LAI parameters of FRSD was

used for FRST.

Figure 5-6 shows the comparison between 4-day smoothed MODIS LAI with the SWAT-
T-simulated LAI using calibrated parameters for the different vegetation types in both the
calibration and validation periods. The degree of agreement for MODIS and simulated LAI
were assessed both qualitatively (visual comparisons) and quantitatively (statistical
evaluations). From a visual comparison, it is clear that the plant growth cycles of the different
vegetation types simulated by the SWAT-T model corresponded much better with the MODIS
LAI data than the default SWAT results. For instance, the minimum LAI values simulated by
the SWAT-T model (1.8, 4.0, 3.7, 2.9, 2.0, and 1.9) were similar to the MODIS LAI (1.8, 4.0,
3.7,2.9,2.0,and 1.9) for AGRL, FRSD, FRSE, RNGB, RNGE, and WETL, respectively, while
the minimum LAI simulated by the default SWAT was zero for all types of vegetation covers.
Figure 5-6 also provides the values of the statistical evaluation indices used to assess the
performance of SWAT-T-simulated LAI. For FRSE, which was the dominant land cover in the
catchment, the SWAT-T model performed quite well for LAI, with the values of NSE larger
than 0.79 during the calibration and validation periods. In contrast, calibration and validation
performance for WETL and RNGE was low when the NSE values were larger than 0.59.
However, R? values were higher than NSE values for all plants types during calibration and
validation, ranging from 0.70 to 0.91, and PBIAS values were always within a reasonably small

range (+2.5%), indicating overall good model performance.
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Table 5-3 Description and calibrated values for LAI parameters of each land use/cover type in

the SWAT-T model.

Calibrated value!

Parameter Description
AGRL FRSD FRSE RNGB RNGE WETL
ALAI MIN Minimum leaf area index (m?*/m?) 1.82%* 4.01* 3.68% 2.85% 2.00%* 1.87*
BLAI Maximum potential leaf ara index 2.85%%  530%*  6.00%* 3.50%% 2.45%*¥ 2.55%*
(m?/m?)
Fraction of PHU when LAI begins to
DLAI 0.72¥* 0.53*%%  0.57*  0.75%% 0.70¥* 0.80**
decline
Fraction of PHU corresponding to the
FRGRW1 1% point on the optimal leaf area 0.30*%* 0.07** 0.10%* 0.12**  0.21*  0.28**
development curve
Fraction of PHU corresponding to the
FRGRW2 2" point on the optimal leaf areca 0.67** 0.22**  0.29*%  0.50** 0.58** (0.70**
development curve
Fraction of BLAI corresponding to
LAIMX1 the 1% point on the optimal leaf area 0.13*  0.15* 0.14*  0.16* 0.17*  0.20%
development curve
Fraction of BLAI corresponding to
LAIMX2 the 2" point on the optimal leafarea ~ 0.88*  0.93*  0.92*  0.94*  0.90*  0.95*
development curve
Total number of heat units or
PHU PLT? growing degree days needed to bring 3780 4145 7797 3415 3415 3415
plants to maturity
LAI INIT Initial leaf area index (m?/m?) 1.94 4.90 532 3.33 2.30 2.12

I *MODIS, **manual adjustment during calibration. > Values estimated from local temperature

records and default SWAT values for T_BASE (minimum temperature for vegetation growth

C)).
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Figure 5-6 SWAT-T HRU mean LAI compared with smoothed MODIS LAI and default
SWAT LAI for (a) agricultural land-generic (AGRL), (b) wetlands (WETL), (c) forest-
evergreen (FRSE), (d) forest-deciduous (FRSD), (e) range-brush (RNGB), and (f) range-
grasses (RNGE) in calibration (1 January 2008 - 31 December 2017) and validation (1 January
2003 - 31 December 2007) periods. Calibrated SWAT results were obtained using the Strauch
and Volk (2013) modified plant growth model, while default SWAT LAI values were
calculated using the default plant growth algorithm. The gray shadings indicate the boundaries
of the 25th and 75th percentages from all HRUs simulated by the SWAT-T model. The vertical

dashed lines indicate the termination of the calibration period and the start of the validation

period.
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5.3.2 Discharge calibration and validation

The 22 parameters were calibrated and ranked for the discharge calibration in the SWAT-
T model in the North Johnstone River catchment (Table 5-4). These parameters were ranked
according to their sensitivities using the global sensitivity analysis method. The sensitivity
analysis in SWAT-CUP suggested that 10 parameters (ranked 1-10, Table 5-4) had significant
influence on calibration (P < 0.05). Groundwater delay (GW_DELAY) was found to be the

most sensitive calibration parameter in the North Johnstone River catchment. Figure 5-7 shows
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the monthly SWAT-T-simulated streamflow compared with the observed streamflow during
calibration and validation periods. Visual comparison showed the simulated hydrograph
reproduced the observations reasonably well and closely replicated the temporal variation.
Figure 5-8 shows that monthly observed runoff and the SWAT-T-simulated runoff were highly
correlated (R? > 0.94, NSE > 0.92, and [PBIAS| < 10%) with slopes within 15% of the 1:1
regression during the calibration and validation periods in the North Johnstone River catchment.
Furthermore, a comparison of SWAT-T and the default SWAT model was shown in Table 5-5
and results showed that SWAT-T simulated streamflow process better than default SWAT with
larger R? (0.94 > 0.92 and 0.94 > 0.90) and NSE (0.93 > 0.91 and 0.92 > 0.90) in calibration
and validation period, respectively. However, compared to SWAT-T, the default SWAT model
produced smaller absolute percent bias (0.9% < 7.3% and 4.9% < 10.0%) in calibration and

validation period, respectively.

Table 5-4 The 22 calibrated parameters for the SWAT-T model in the North Johnstone River
catchment, Queensland, Australia. The parameters are ranked according to their sensitivities

based on global sensitivity analysis.

) Adjustment and o Adjustment Calibrated Fitted
Ranking Definition
parameter name range range value
1 V__GW_DELAY.gw Groundwater delay (days) 0 to 300 0to 100 28.1
Baseflow alpha factor for bank
2 V__ ALPHA BNK.rte 0to1 0.09 to 0.64 0.28
storage
3 R__HRU_SLP.hru Average slope steepness -0.7t00.25  -0.61t0-0.19 -0.33
Available water capacity of the
4 R SOL AWC(2).sol . -0.9t0 0.5 -0.8t0 -0.4 -0.68
soil layer
SCS runoff curve number for
5 R CN2.mgt . . -0.25t0 0.25 -0.25t0 0.1 0.05
moisture condition II
6 V_RCHRG DP.gw  Deep aquifer percolation fraction 0to 0.5 0.01 to 0.06 0.05
Manning's n value for the main
7 V__ CH_N2.rte 0.014t00.15  0.05t00.12 0.07
- channel
Effective hydraulic conductivity
8 V__ CH K2.rte . 0to 250 39 to 104 53.9
- of main channel
9 R SLSUBBSN.hru Average slope length -0.5t00.25 -046t0-0.12 -0.37
Depth from soil surface to
10 R_SOL Z(2).sol . -0.7t00.25  -0.59t0-0.18 -0.33
- bottom of second soil layer
11 V__GW_REVAP.gw Groundwater revap coefficient 0.02t0 0.2 0.023t0 0.03  0.023
12 R CANMX.hru Maximum canopy storage -1t0 0.5 -1t0 -0.85 -0.93

Threshold water level in shallow
13 V__ GWQMN.gw ] 0 to 2500 61 to 217
aquifer for base flow (mm)

Soil evaporation compensation

14 V__ESCO.hru Otol 0.22 to0 0.65 0.48

factor
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R__SOL AWC(1).sol
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V_

R
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R__OV Nhru

Manning's n value for the
tributary channels
Available water capacity of the

soil layer

Plant uptake compensation factor

Threshold depth of water in the
shallow aquifer for revap to
occur (mm)
Baseflow alpha factor (days)
Surface runoff lag time
Depth from soil surface to
bottom of first soil layer
Manning's n value for overland

flow

0.014 t0 0.15

-0.91t00.5

Oto1

0to 750

Oto1
0.05to 6

-0.7t0 0.25

-0.25t0 0.25

0.04 to 0.09

-0.8t0-0.4

0.4 t0 0.95

450 to 630

0.23 t0 0.7
1.5t04.5

-0.61 to -0.19

-0.24 to -0.02

0.05

-0.77

0.48

626

0.54
3.06

-0.22

-0.23

Table 5-5 Evaluation statistics of monthly streamflow during calibration and validation period.
Default SWAT refers to the original SWAT model while SWAT-T refers to the modified
SWAT model improved by Strauch and Volk (2013).
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Figure 5-7 The observed and SWAT-T-simulated monthly streamflow for the calibration

period (January 2008 to December 2017) and for the validation period (January 2003 to

December 2007) in the North Johnstone River catchment, Queensland, Australia.
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Figure 5-8 Comparison of observed and SWAT-T-modelled monthly runoff in (a) calibration

and (b) validation periods in the North Johnstone River catchment, Queensland, Australia.
5.3.3 Hydrological responses to land use/cover change scenarios

The calibrated SWAT-T model was applied to simulate the monthly surface runoff
(SURQ), lateral runoff (LATQ), groundwater (GWQ), total runoff, actual evapotranspiration
(ET), and soil water (SW) under the four land use/cover change scenarios in 1967-2017 in the
North Johnstone River catchment. Figure 5-9 shows monthly SURQ, LATQ, GWQ, total runof,
ET, and SW and their changes under different land-use scenarios, and Table 5-6 summarizes
changes in average annual SURQ, LATQ, GWQ, total runoff, ET, and SW under different land-
use scenarios. It can be seen from Figure 5-9 that SURQ, LATQ, GWQ, total runoff, ET, and
SW had obvious monthly variations, with values generally greater in December-May (summer-
autumn) and less in June-November (winter-spring). In addition, Figure 5-9 shows that monthly
changes among different land use/cover scenarios of SURQ were more notable than changes of
other outputs from SWAT-T. Meanwhile, absolute changes of SURQ under different land-use
scenarios differed across months, with the most remarkable changes occurring during the wet
season from December to May. Furthermore, Figure 5-9 indicates that monthly SURQ
increased under Scenarios 1, 2, and 4 (deforestation or urbanization), and decreased under

Scenario 3 (afforestation), and similar results can be found for default SWAT (Figure 5-10).

This result was the same for SURQ at the annual time scale (Table 5-6). Table 5-6 indicates
that the mean annual surface runoff increased under deforestation (Scenarios 1 and 2) and
urbanization (Scenarios 2 and 4). For example, surface runoff increased 25 mm (8.9%) under
Scenario 1 (11.5% decrease in FRSE area), 16 mm (5.7%) under Scenario 2 (2.3% increase in
URBN area), and 44 mm (15.9%) under scenario 4 (8.4% increase in URBN area) using
SWAT-T. In contrast, the 14.1% increase in FRSE area (Scenario 3) led to a 26 mm (9.5%)

decrease in surface runoff. The annual total runoff also increased under deforestation and
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urbanization, and decreased under afforestation, but the extent of increase and decrease was
much smaller than observed for surface runoff. For instance, Table 5-6 indicates that total
runoff increased by just 11 mm (0.6%) under Scenario 1 (11.5% decrease in FRSE area) and
decreased 14 mm (0.7%) under Scenario 3 (14.1% increase in FRSE area) using SWAT-T.
However, annual changes of LATQ and GWQ to urbanization (Scenarios 2 and 4) were
opposite to those of SURQ and total runoff. As shown in Table 5-6, LATQ and GWQ decreased
under urbanization. For example, a 2.3% increase in URBN area (Scenario 2) led to 0.7% and
0.9% decreases in LATQ and GWQ, respectively, while an 8.4% increase in URBN area
(Scenario 4) contributed to 1.3% and 3.5% decreases in LATQ and GWQ), respectively.

In addition to runoff, Table 5-6 also shows the SWAT-T-simulated changes in average
annual actual evapotranspiration and soil water under the four scenarios. Results show that
mean annual ET decreased by 11 mm (1.3%) with an 11.5% reduction in forest area (Scenario
1) and increased by 14 mm (1.7%) with a 14.1% increase in FRSE area (Scenario 3) using
SWAT-T. That is, under the deforestation scenario (Scenario 1), the mean annual ET declined
with decreased forest area, and under the afforestation scenario (Scenario 3), the mean annual
ET increased with increased forest area. In addition, Table 5-6 suggests that the change of soil
water in different land use/cover scenarios was opposite to ET, with a 1.5% increase under

deforestation (Scenario 1) and a 2.0% decrease under afforestation (Scenario 3).

According to Table 5-6, changes in average annual total runoff under Scenarios 1 and 3
were more remarkable than under Scenarios 2 and 4. The spatial distributions of average annual
total runoff under land use/cover Scenario 0 and average annual total runoff change under
Scenarios 1 and 3 compared with Scenario 0 using SWAT-T and default SWAT in different
sub-basins in the North Johnstone River catchment are shown in Figure 5-11. These spatial
distributions show that average annual runoff in the eastern sub-basins of the catchment were
generally greater than those in the western sub-basins. This was primarily due to the uneven
spatial distribution of rainfall, with higher rainfall occurring in the eastern area and lower
rainfall in the western area. Compared with Scenario 0, average annual runoff increased in
Scenario 1 (under an 11.5% reduction in FRSE area) in some sub-basins (#4-#7, #9, #10, #14,
#15, #19, #20, #24-#28 and #30), while it decreased in Scenario 3 (under a 14.1% increase in
FRSE area) in the same sub-basins. The reason why changes of average annual runoff occur
only in these sub-basins is that the replacement of one land use/cover by another land use/cover
can be considered only if both land uses/covers are present in the same sub-basin, as we
described in the Materials and Methods section. Furthermore, Figure 5-11 showed that absolute
total runoff changes simulated by default SWAT were much smaller than that by SWAT-T in
33 different sub-basins.
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To quantify the impacts of land use/cover change on rainfall-runoff relationships, scatter
diagrams between annual rainfall and runoff (total runoff, SURQ, LATQ, and GWQ) for FRSE,
RNGE, and URBN were plotted (Figure 5-12) using the simulated results from SWAT-T and
default SWAT in 1967-2017 from selected HRUs (HRU 30 for FRSE, HRU 41 for RNGE, and
HRU 52 for URBN in sub-basin 4). Figure 5-12a-b revealed strong positive correlations (r >
0.94) between annual rainfall and total runoff for FRSE, RNGE, and URBN. Figure 5-12a-b
also showed that the plotted cluster of points for FRSE were generally higher than the RNGE
and URBN points, indicating that FRSE generally produced less runoff than RNGE and URBN
under the same rainfall amounts. This explains the changes in average annual total runoff in
Table 5-6 (Scenarios 1, 2, and 3), and implies that rainfall-runoff relationships could be altered
by land use/cover changes. Furthermore, Figure 5-12c-h indicated that URBN generally
produced more SURQ and less LATQ and GWQ than FRSE and RNGE under the same rainfall

amounts.

Table 5-6 Changes in average annual surface runoff (SURQ), lateral runoff (LATQ),
groundwater (GWQ), total runoff, evapotranspiration (ET), and soil water (SW) using SWAT-
T and default SWAT (in brackets) under different land use/cover change scenarios in the North

Johnstone River catchment, Queensland, Australia in 1967-2017.

Hydrological variables Scenario 0 Scenario 1 Scenario 2 Scenario 3 Scenario 4
Value (mm) 275 (296) 300 (322) 291 (312) 249 (269) 319 (340)
SURQ  Absolute change (mm) 0(0) 25 (25) 16 (16) -26 (-27) 44 (44)
Percentage change (%) 0.0 (0.0) 8.9 (8.5) 5.7 (5.4) -9.5(-9.2) 15.9 (14.8)
Value (mm) 763 (773) 755 (763) 757 (767) 769 (781) 753 (763)
LATQ  Absolute change (mm) 0(0) -8 (-10) -5 (-6) 6 (8) -10 (-10)
Percentage change (%) 0.0 (0.0) -1.1 (-1.3) -0.7 (-0.7) 0.8 (1.0) -1.3 (-1.3)
Value (mm) 827 (882) 822 (873) 820 (875) 834 (895) 798 (855)
GWQ  Absolute change (mm) 0(0) -6 (-10) -7 (-8) 6 (12) -29 (-28)
Percentage change (%) 0.0 (0.0) -0.7 (-1.1) -0.9 (-0.9) 0.8 (1.4) -3.5(-3.1)
Total Value (mm) 1909 (1998) 1919 (2003) 1912 (2000)  1895(1992) 1912 (2003)
Runoff Absolute change (mm) 0(0) 11 (5) 3(2) -14 (-6) 3(9
Percentage change (%) 0.0 (0.0) 0.6 (0.2) 0.2 (0.1) -0.7 (-0.3) 0.2 (0.2)
Value (mm) 811 (722) 800 (717) 808 (719) 825 (728) 808 (717)
ET Absolute change (mm) 0(0) -11 (-5) -3 (-2) 14 (6) -3 (-5)
Percentage change (%) 0.0 (0.0) -1.3 (-0.7) -0.3 (-0.3) 1.7 (0.9) -0.3 (-0.7)
Value (mm) 17.8 (17.6) 18.0 (17.7) 17.8 (17.7) 17.4 (17.4) 17.9 (17.9)
SwW Absolute change (mm) 0.0 (0.0) 0.3 (0.1) 0.1 (0.1) -0.4 (-0.2) 0.1 (0.3)
Percentage change (%) 0.0 (0.0) 1.5 (0.7) 0.5 (0.6) -2.0 (-0.9) 0.7 (1.7)
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Figure 5-9 Monthly surface runoff (SURQ), lateral runoff (LATQ), groundwater (GWQ), and
actual evapotranspiration (ET) and their monthly changes using SWAT-T under different land

use/cover change scenarios in the North Johnstone River catchment, Queensland, Australia.

103



140 { 220 A M2
5
204 0 0 0 9 o o al
120 [h} . [hJuJ_J_:_._._..-uJu.J 02 om0 [’I [’l [fl oy == =wpfr 0
100 S5 B 160 -2 E
—~ - -10 ~140 4 F -4
g 801 = Scenario 0 O Scenario 1 change & 120 4 &
g Scenario 1 BScenario 2 change | 13 g E L6 8
= 60 u Scenario 2 ! 2 5 ‘0",100 g 5
3 ® Scenario 3 IECEnaImichange 220 =y L s o
m Scenario 4 BScenario 4 change | ¢ < 5
2 10 = o L o105
2 | 10 1
20 | L 12
0 0 A F-14
1 2 3 4 5 6 7 8 9 1011 12 1 2 3 4 5 6 7 8 9 10 11 12
270 5 550
L2
04 N N o - |y 500 - —_
zm-n.l[Jll;I[JID'l G 4% U oo E}ZE
[ E a0 =
180 | g Ly
L o107 E3so -
150 | g & =
E L 158 =300 !
120 1 g 5250 | o
oo ]
= 90 + zog E”" L -12
9 LasE £150 bl
T F100 L 168
30 1 r 30 50 L 18T
0 + =35 0 F-20
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 1011 12
140 Lo
120 1 b gy oy oty oy o gt 0 30”-.-=-.-D-.'E'.'E'.]='.IE'.]-’-]=-.]D'.ID-.ID-.J0
100 - F2 g e
L
L E £
30 -
— g ~20 L2 &
£ o0 - R :
NaZ L -8 'ﬁ ~ 3 J:O
= & L
m 40 4 _10M E 10 4 E
201 12 4
0 - L 14 04 LS
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12

Figure 5-10 Monthly surface runoff (SURQ), lateral runoff (LATQ), groundwater (GWQ), and
actual evapotranspiration (ET) and their monthly changes using default SWAT under different

land use/cover change scenarios in the North Johnstone River catchment, Queensland, Australia.
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Figure 5-11 Spatial distribution of average annual total runoff (mm) under land use/cover
Scenario 0 and average annual total runoff change under Scenarios 1 and 3 compared with
Scenario 0 using SWAT-T and default SWAT in 33 different sub-basins in the North Johnstone

River catchment, Queensland, Australia.
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Figure 5-12 The annual rainfall and runoff (total runoff, surface runoff (SURQ), lateral runoff
(LATQ), and groundwater (GWQ)) relationships for forest-evergreen (FRSE), range-grasses
(RNGE), and urban (URBN) land use/cover by using the simulated results of 1967-2017 from
selected hydrologic response units (HRU 30 for FRSE, HRU 41 for RNGE, and HRU 52 for
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URBN in sub-basin #4) with the same slope range (0-10°) and soil type (Ferrosol (Mp19)) using
SWAT-T and default SWAT in the North Johnstone River catchment, Queensland, Australia.
The reason why sub-basin #4 was selected to analyze the rainfall-runoff relationship for FRSE,
RNGE, and URBN was that sub-basin #4 ranked third among the 33 sub-basins in area, and the
area proportions for FRSE, RNGE, and URBN were relatively uniform for sub-basin #4
compared with the other two larger sub-basins (#5 and #10).

5.4 Discussion

5.4.1 Model comparison and evaluation

It was found that in the default plant growth model of SWAT simulated LAI was zero for
all plants at the beginning of each simulation year, which is not true for plants in tropical areas.
Previous studies (Mwangi et al., 2016; Alemayehu et al., 2017; Hoyos et al., 2019) reported
similar simulations, revealing that the default SWAT has some shortcomings in modelling
vegetation growth in tropical regions. While the calibrated SWAT-T model was generally able
to replicate BFAST-filtered MODIS LAI values for each land cover type (Figure 5-6), it failed
to represent the bimodal seasonality of LAI because the model is capable of simulating only
one wet/dry transition within a year (Hoyos et al., 2019). However, the default SWAT LAI
mean values failed to correctly represent both LAI seasonality and range for all plants (Figure
5-6). Moreover, the precision of MODIS LA is also very important because it is directly used
to calibrate the parameters of hydrological models. The average LAI of 4.85 (average of
maximum LAI 6.0 and minimum LAI 3.7) for FRSE (the dominant land cover in the study area)
was approximately equal to values previously reported (4.7120.37) in the literature (Hill et al.,
2006) for tropical rainforests across Australia. Overall, the LAl results simulated by the SWAT-

T model were acceptable.

Groundwater delay (GW_DELAY) was found to be the most sensitive calibration
parameter in the North Johnstone River catchment (Table 5-4). In addition, half of the
parameters identified as sensitive (P < 0.05) had an impact on either soil moisture or
groundwater flow. This may be due to the abundance of groundwater in this area (Figure 5-9
and Table 5-6), so the flow in this catchment was dominated by baseflow. The baseflow ratio
was about 0.44 calculated by “GWQ/total runoff” during July 2005 to June 2013 in this study,
and it was consistent with previous research (Orr, 2014) in which the mean daily baseflow was
31.579 m?/s (i.e. baseflow ratio was 0.47) from 1 July 2005 to 1 July 2013. Previous studies
(McMahon and Finlayson, 2003; Brown et al., 2015) also reported that Australia’s perennial
rivers were dominated by baseflow. SWAT parameters associated with baseflow and soil

moisture were consistently identified as being highly sensitive to calibration by a review of
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SWAT applications (Gassman et al., 2007), supporting the results and suggesting that model
operators should focus on these parameters during calibration, to guarantee that the SWAT
model is conceptually consistent with regional hydrological conditions. According to the
general performance ratings suggested by previous studies (Moriasi et al., 2007; Shietal., 2011;
Wallace et al., 2018), streamflow modelling is deemed reasonable if NSE > 0.50, R? > 0.50,
and PBIAS within +25%. Therefore, it was shown that the SWAT-T model simulated monthly
streamflow well in the North Johnstone River catchment, with |[PBIAS| < 10%, NSE > 0.92,
and R? > 0.94 during both calibration and validation periods. Furthermore, the uncertainty
analysis resulted in a P-factor of 0.92 and an R-factor of 0.50 for SWAT-T calibration after
four iterations, while the P-factor was 0.85 and the R-factor was 0.50 for the validation period.
Values for P-factor of larger than 0.7 and for R-factor of about 1 (the smaller the better) are
suggested for streamflow simulations (Abbaspour, 2013). Therefore, SWAT-T was judged to
reasonably simulate streamflow and can be used for further analysis in the North Johnstone

River catchment.

Furthermore, results (Table 5-5) showed that SWAT-T simulated streamflow process
better than default SWAT with larger R? (0.94 > 0.92 and 0.94 > 0.90) and NSE (0.93 > 0.91
and 0.92 > 0.90) in the calibration and validation periods, respectively. Using R? and NSE as
statistical evaluation criteria to compare SWAT-T and the original SWAT model is consistent
with previous studies. For instance, Ma et al. (2019) integrated downscaled high quality
MODIS LAI into modified SWAT plant growth model and found that predicted flows with
MODIS LAI basically matched the observed flows better than original SWAT supported by an
improvement of R? and NSE values. However, compared to SWAT-T, the default SWAT model
produced smaller absolute percent bias (0.9% < 7.3% and 4.9% < 10.0%) in the calibration and
validation periods, respectively. This is most probably because both the default SWAT and the
SWAT-T model underestimated streamflow in the North Johnstone River catchment.
According to Figure 5-6, LAI values simulated by SWAT-T were much better and larger than
the default SWAT, this would lead to greater actual evapotranspiration simulated by SWAT-T
than the default SWAT (Table 5-6), leading to lower streamflow simulated by SWAT-T (Table
5-6). Therefore, a larger absolute percent bias was produced by the SWAT-T model. However,
achieving good agreement between model simulation and observed streamflow through model
calibration does not imply correct description of the underlying processes and
parameterizations (Wagner et al., 2011), because good streamflow simulations might be
achieved by parameters calibration even with unrealistic underlying premises or without any
improvement of the vegetation growth module (Strauch and Volk, 2013). Therefore, it is more

reasonable to use the SWAT-T model for land use/cover impacts study as it successfully
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accounted for seasonal vegetation dynamics (Figure 5-6) which is an important part of the water

cycle.
5.4.2 Modelled Hydrological responses to different land use/cover change scenarios

The obvious monthly variations in SURQ, LATQ, GWQ, total runoff, ET, and SW, with
values generally greater in December-May (summer-autumn) and less in June-November
(winter-spring) (Figure 5-9), were consistent with the inter-annual distribution of rainfall
(Figure 5-2). This is because rainfall is the main factor affecting runoff, ET, and soil water
content (Fekete et al., 2004), and the catchment that was selected is a summer rainfall dominant
region. Meanwhile, changes of SURQ under different land-use scenarios differed across
months, with the most remarkable changes occurring during the wet season from December to
May. The impacts of vegetation changes on seasonal water yield with the largest volume
changes occurred during the wet season and small volume changes during the dry season are
consistent with previous studies (Brown et al., 2005). Total runoff is composed of surface
runoff (SURQ), lateral runoff (LATQ), and groundwater (GWQ). Surface flow into rivers is
mainly controlled by dominant climate conditions and is usually greatest during and shortly
after storm or rain events. Groundwater, i.e. baseflow, is the major source of flow during the
dry period (Brown et al., 2015). LUCC has been shown to be capable of altering baseflows and
river discharges (Costa et al., 2003). Figure 5-9 and Table 5-6 indicated that surface runoff
increased under deforestation (Scenarios 1 and 2) and decreased under afforestation (Scenario
3) at monthly and annual time scales, and is similar to previous studies (Foley et al., 2005).
This is because forest vegetation increases ET rates, dissipates raindrop energy, slows surface
flow velocity, and increases soil organic matter, all of which result in larger infiltration and
smaller surface runoff (Alibuyog et al., 2009). Results presented in Table 5-6 also showed that
total runoff increased slightly under deforestation (Scenarios 1 and 2) and decreased slightly
under afforestation (Scenario 3) at the annual time scale. Similar results for runoff response to
LUCC also occurred in other hydrological simulation studies. For example, Weber et al. (2001)
found that streamflow simulated by hydrological models increased when forest area decreased
and grassland area increased. This is because trees commonly consume more water (extracting
water from shallow aquifer storage due to deep root systems and transpiring more due to larger
aerodynamic conductance), and, therefore, forest catchments will produce less runoff (Wang et
al., 2008; Mwangi et al., 2016). In contrast, data shown in Figure 5-9 and Table 5-6 indicated
that LATQ and GWQ decreased while SURQ increased under urbanization (Scenarios 2 and 4)
at monthly and annual time scales. This decrease in LATQ and GWQ under urbanization may
be attributed to increased surface runoff and decreased infiltration as a result of conversion of

vegetation land use/cover to urban land use/cover (Alibuyog et al., 2009). Additionally, the
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rainfall-runoff relationships in Figure 5-12¢c-h explain why runoff changes under urbanization
generally produced more SURQ and less LATQ and GWQ than FRSE and RNGE with the

same rainfall amounts.

In addition to runoff, Figure 5-9 and Table 5-6 indicated that ET decreased under
deforestation (Scenarios 1 and 2) and increased under afforestation (Scenario 3) at monthly and
annual time scales. This is because forests generally produced more evapotranspiration than
other land use/cover types due to higher leaf area and deeper rooting depth (Costa et al., 2003;
Li et al., 2009b). Furthermore, it can be seen from Table 5-6 that soil water slightly increased
(1.5%) under deforestation (Scenario 1, 11.5% increase in RNGE area), and slightly decreased
(2.0%) under afforestation (Scenario 3, 14.1% increase in FRSE area) at the annual time scale
using SWAT-T. The greater infiltration for forest may lead to an increase in soil water
compared with other vegetation, but the larger evapotranspiration and water use may cause a
decrease in soil water, so that the overall change in soil water may be insignificant due to the
counterbalancing effects of these two processes under deforestation and afforestation. Chen et
al. (2009b) also reported that the effect of greater vegetation cover on soil moisture content was
still debatable as it increased transpiration loss and rainfall interception whereas it decreased
evaporation loss through shading. Hence, dense vegetation cover reduces soil moisture because
of larger transpiration and less rainfall falling on the ground due to greater interception by
leaves. In contrast, the soil is shaded more by the greater canopy vegetation, thereby reducing
direct radiation absorption, and leading to lower soil temperature and soil evaporation rates,
and higher soil moisture (Chen et al., 2009b). Therefore, the relationship between soil water
and vegetation is complex, and the positive or negative impacts of vegetation cover on soil
moisture likely depend on climate and the length of dry or wet periods (Chen et al., 2009b).
Typically, when forest canopy cover exceeds a certain threshold level, the forest would produce

less runoff and soil water but more ET than other land cover types (Li et al., 2009b).

Hydrological responses to land use/cover change scenarios using a default (original)
SWAT model were shown in Table 5-6, Figures 5-10, 5-11, and 5-12 using calibrated
parameters from SWAT-T model. SWAT-T showed greater simulated actual
evapotranspiration (ET) and lower streamflow (SURQ, LATQ, GWQ and total runoff) than the
default SWAT (Table 5-6) at annual time scale. At monthly time scale, seasonal dynamics of
ET and SW simulated by default SWAT (Figure 5-10) were slightly different from those
simulated by SWAT-T (Figure 5-9) while seasonal variability of other hydrological factors
were similar. In addition, monthly changes of hydrological factors under different land
use/cover change scenarios simulated by default SWAT (Figure 5-10) were similar to that

simulated by SWAT-T (Figure 5-9), except for ET and SW. Furthermore, Figure 5-11 showed
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that absolute total runoff changes simulated by default SWAT were much smaller than those
from SWAT-T in 33 different sub-basins and may be explained by the smaller difference
between annual rainfall and total runoff relationship for default SWAT model (Figure 5-12 b)
compared to SWAT-T (Figure 5-12 a). In general, these differences were probably caused by
the difference of seasonal LAI simulated by SWAT-T and default SWAT (Figure 5-6).

5.4.3 Limitations and uncertainties

Even though it met the criteria for satisfactory model performance, similar to other SWAT
model applications, calibration and validation hydrograph (Figure 5-7) showed that most of the
peak flows (Shrestha et al., 2016) and low flows (Wu and A. Johnston, 2008) were
underestimated. In addition, the model overestimated a few peaks during the dry period and
underestimated it during the high flow period, which also was the case for other Australian
catchments studied by Saha et al. (2014). This was an acceptable result considering the fact that
the SWAT model was not calibrated for single-event high streamflow condition (Saha et al.,
2014). Furthermore, low capacity to simulate both low flows and peak flows also occur in other
hydrological models (Eum et al., 2016). Thus, difficulties in reproducing peak flows and low
flows are common due to the theories of hydrological models and standards of model
calibration (Zhang et al., 2019). However, if the model has limited capacity to capture peak and
low flows, it does affect the extreme value of the surface runoff (Tessema et al., 2014). If we
quantify the impacts of different LUCC scenarios on surface runoff with this kind of
hydrological model, it may underestimate or overestimate the magnitude of LUCC effect.
However, investigating the implications of peak flows and low flows underestimation or
overestimation on the LUCC effect analysis on the surface runoff are beyond the scope of our

present study and needs to be explored in future studies.

The study also found that land use/cover change had only a small effect on water balance
components except surface runoff. This is in line with findings reported in other studies
(Shrestha et al., 2017). For instance, Brown et al. (2015) assessed the impact of forestry on
streamflow in southeastern Australia using SWAT and found that the modelled introduction of
plantation forestry did not significantly change streamflow. Karlsson et al. (2016) also pointed
out that land use/cover changes only affected the mean flow by a few percentage points. This
result may also be caused by our hypothetical land use/cover scenarios where land use/cover
change area in each scenario accounted for less than 15% of the total catchment area. In fact,
previous studies (Bosch and Hewlett, 1982; Stednick, 1996) stated that forest land changes of
less than 15-20% do not influence the annual water yield. Besides, the small effect found in this
study may also be due to the partial conversion scenarios occurring mainly in the northwestern

part of the catchment where there is less rainfall distribution compared to the downstream part
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(the forest part of the catchment), hence the implemented scenarios might not cause remarkable
changes in the hydrological processes, particularly at the annual scale. In addition to land
use/cover scenarios, a large number of uncertainty sources (hydrological models, calibration
periods, objective function, etc.) may influence the impact analysis. Sources of uncertainty for
the hydrological model can be present because of the model structure (e.g. model assumptions
and functions) as well as input data (e.g. lack of relevant temporal and spatial variability of data
on rainfall, land uses/covers, soils and topography) (Marhaento et al., 2018). Another important
issue is the calibration practices, including calibration period and calibration approach (van der
Spek and Bakker, 2017; Wallach et al., 2019). Sorooshian et al. (1983) claimed that it is not the
length of data used but the information contained in it, and the efficiency with which that
information is extracted (i.e. the choice of a stochastically appropriate objective function), that
are important. Parameterization of hydrological models is also a well-known source of
uncertainty and have been discussed previously a few times as related to impact studies
(Karlsson et al., 2016). However, studying these additional sources of uncertainty is beyond the
scope of this study, and will be addressed in future research. Furthermore, the current study was
focused only on the North Johnstone River catchment. Moreover, even though this catchment
was deemed to be representative of all such tropical catchments, this study lacked replication
at the catchment scale. Accordingly, additional catchments will need to be chosen in future
studies to stand for the large range of climate, physical conditions, and runoff characteristics

throughout tropical Australia, and to afford insights for future water management.
5.5 Summary and conclusions

The default (original) SWAT model has poor performance in estimating the LAI of
different vegetation types for tropical areas. For the first time, the SWAT-T model (Strauch and
Volk, 2013) with an improved vegetation growth module was used to analyze the hydrological
sensitivity of a tropical catchment in Australia under different land use/cover change scenarios.
Prior to the simulation of land use/cover change scenarios, the SWAT-T model was
parameterized, calibrated, and validated with NSE > 0.59 (NSE < 0 for default SWAT), R* >
0.70 (R* < 0.66 for default SWAT), and [PBIAS| < 2.5% (|PBIAS| > 42% for default SWAT)
for LAI and NSE > 0.92 (NSE > 0.90 for default SWAT), R? > 0.94 (R* > 0.90 for default
SWAT), and [PBIAS| < 10% (|PBIAS| < 5% for default SWAT) for streamflow. Therefore, the
SWAT-T model was judged to perform satisfactorily in this catchment according to general
performance indices. Overall, the SWAT-T model performed better in predicting monthly
streamflow than the default SWAT model, based on our major statistical indicators, in an

Australian tropical catchment.
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For the first time, we used both models (SWAT-T and default SWAT) to quantify
hydrological responses to land use/cover change scenarios in the selected tropical catchment.
Results showed that LUCC affected all hydrological variables, of which the impact on surface
runoff was the most remarkable at both monthly and annual time scales. Moreover, changes of
SURQ under different land-use scenarios differed across months using SWAT-T, with the most
obvious changes occurring during the wet season from December to May, and similar results
can be found for default SWAT. The simulations also indicated that urbanization (converting
FRSE or RNGE to URBN) resulted in increased surface flow and decreased lateral flow and
groundwater, with no notable change in total runoff, ET, and SW using SWAT-T. For instance,
surface runoff increased 16 mm (5.7%) with a 2.3% increase in URBN area, and 44 mm (15.9%)
with an 8.4% increase in URBN area. The decreases of LATQ and GWQ under urbanization
were less than 3.5%, while the impact of urbanization on total runoff, ET, and SW were less
than 0.7%. Additionally, afforestation (Scenario 3, 14.1% increase in FRSE area) decreased
SURQ by 26 mm (9.5%) and led to slight changes in other hydrological variables (within
+2.0%). Annual rainfall and total runoff were strongly positively correlated (r > 0.94) for FRSE,
RNGE, and URBN, and FRSE generally produced less total runoff than RNGE and URBN for
the same rainfall amounts. Furthermore, URBN generally produced more SURQ and less
LATQ and GWQ than FRSE and RNGE for the same rainfall amounts, as shown in the scatter
diagrams of rainfall-runoff relationships (Figure 5-12). Furthermore, we found that SWAT-T
showed greater simulated actual evapotranspiration (ET) and lower streamflow (SURQ, LATQ,
GWQ and total runoff) than the default SWAT at annual time scale. In contrast, at a monthly
scale, seasonal dynamics of ET and SW simulated by default SWAT were slightly different
from those simulated by SWAT-T while seasonal variability of other hydrological factors were
similar. These differences can be attributed to the diversity of seasonal LAI simulated by
SWAT-T and default SWAT. Therefore, we conclude that using SWAT-T is more reasonable

in tropical catchments as it captures seasonal vegetation dynamics.

The remarkable increase in surface runoff from deforestation and urbanization can
threaten the health of both people and the biosphere. For instance, urbanization has enlarged
impermeable surface area, increased runoff coefficient, reduced concentration time, and
increased peak flow and frequency of floods in city rivers (Yaa et al., 2012). In addition,
increased surface runoff will carry a large amount of sediment and pollutants, degrading river
ecosystems and, for this particular catchment, thereby threatening the health of the Great
Barrier Reef as the North Johnstone River is a key tributary that discharges into the Great
Barrier Reef lagoon. Strategies to ameliorate the effects of land use/cover change include
increasing green space in urban areas to reduce runoff (Foley et al., 2005), reducing nutrient

and sediment inputs, improving the management of drainage systems, and others. The results
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of studies such as reported here will provide important information for developing sustainable
management of water resources in tropical eastern Australia. The research methods described

in this study can be further extended to other tropical catchments for LUCC impact assessments.
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Chapter 6. Quantifying the impacts of future climate and land use/cover
changes on hydrological processes and associated uncertainty in

southwestern Australia

This chapter is based on the following manuscript:

Zhang, H., Wang, B., Li Liu, D., Leslie, L. M., Shi, L., Zhang, M., & Yu, Q. (2021).
Quantifying the impacts of future climate and land use/cover changes on hydrological processes

and associated uncertainty in southwestern Australia. (Ready for submission).
Highlights:

1. The SWAT model simulated well the observed monthly streamflow in SW Australia;
2. Runoff decreased under afforestation but increased under deforestation/urbanization;
3. Future runoff had a greater decrease in winter and spring than in autumn and summer;

4. GCM contributed to the largest uncertainty in future change of hydrologic variables.
Abstract

Assessing the impacts of both climate and land use/cover changes on hydrologic variables
is crucial for sustainable development of water resources and natural ecosystems. We
conducted a case study of a catchment in southwestern Australia to assess the impacts of future
climate and land use/cover changes, both separately and in combination, on water resource
availability. For this evaluation, the Soil and Water Assessment Tool (SWAT) model was first
calibrated and then forced by 34 global climate models (GCMs), under two Representative
Concentration Pathways (RCP4.5 and RCPS8.5) and five land use/cover scenarios (LU0-4). Our
results suggested that the SWAT model reproduced well the observed monthly streamflow,
with NSE > 0.86, R* > 0.87, and [PBIAS| < 8.3%. Land use/cover changes have impacts on all
hydrologic variables, especially on runoff at the annual scale (6.0%, 22.8%, -4.3%, and 25.1%
for LU1-4, respectively). Future runoff was projected to decrease in all seasons, especially
winter and spring. Multi-GCM ensemble medians suggested annual runoff would decrease by
-19.4% in 2040s (RCP4.5), -28.3% in 2040s (RCP8.5), -33.6% in 2080s (RCP4.5), and -55.3%
in 2080s (RCPS8.5). For the combined effects of climate and land use/cover changes, the results
of LU1-4 were only slightly different from the response of zero land use/cover. An uncertainty
analysis shows that GCMs had the greatest contribution to hydrologic variables, followed by
RCPs and land use/cover scenarios. Hence it is advisable for impacts analysis (non-extreme dry

or wet studies) to use an ensemble of GCMs under different RCPs as this study or select “good”
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GCMs that can capture regional atmosphere physical processes as some other studies, to

minimize the uncertainty of projected future hydrologic variables.

Key words: climate change and variability,; land use/cover change; GCM, southwestern

Australia; runoff
6.1 Introduction

Global warming is likely to accelerate hydrologic cycle through increasing atmospheric
evaporative demand and changing the intensity, frequency and duration of rainfall events (Zeng
et al., 2014; Joseph et al., 2018). Hydrologic variables (e.g. runoff, evapotranspiration, and soil
water) are highly sensitive to even small changes in rainfall and temperature (Milly et al., 2005;
Seneviratne et al., 2010; Joseph et al., 2018). Thus, hydrologic sensitivity to climate change
and variability has been widely discussed (Jones et al., 2006), due to the importance of water
availability for human society and ecosystem processes (Milly et al., 2005), and for the
development of appropriate water resources management strategies (Reshmidevi et al., 2018).
For instance, the regression between global temperature and runoff shows that a 1°C rise in
temperature is associated with a 4% rise in runoff (Labat et al., 2004). However, such global
trends should be studied on a regional scale where there are both increasing and decreasing
trends. Basin level hydrologic analyses therefore are needed to assess the sensitivity of the basin

to climate change and variability scenarios.

In addition to climate change and variability, the hydrologic cycle also is influenced by
land use/cover change, resulting from human activities such as replacing natural forests and
wetlands with croplands and built-up land (Sterling et al., 2013). According to a recent IPCC
report (IPCC, 2019), about 25% of the ice-free land on Earth is being degraded by human
activities (medium confidence). Therefore, land use/cover is a key factor in influencing the
hydrologic response, primarily due to changes in vegetation cover that alter rainfall interception,
infiltration, thereby changing runoff (Mohammady et al., 2018). The impacts of land use/cover
change on hydrology have been studied and debated for many years throughout the world
(Siriwardena et al., 2006; Li et al., 2013). Several studies reported that forest changes greatly
affect water yield, although the magnitude of change varies greatly between catchments (Sun
et al., 2006). In contrast, limited effects, no effects, or even positive effects on water yield due
to forest changes have been found in other studies, especially in large basins (Zhou et al., 2015).
Therefore, a detailed investigation of land use/cover change effects on the hydrologic cycle of

a specific catchment is highly valuable for developing catchment management policies.

Since 1910, the mean near-surface temperature in Australia has risen by ~0.9 °C, with the

nighttime minimum rising more than daytime maximum (CSIRO, 2015). In addition to climate
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warming, southwestern Australia (SWA) has experienced a substantial decrease in rainfall over
the last century (Heinzeller et al., 2016), and the climate impacts on its water resources have
been particularly acute (Silberstein et al., 2012). For instance, rainfall has decreased by 16%
since the mid-1970s, resulting in a reduction of more than 50% of stream flows into the main
reservoirs in the area which provides water for the state capital, Perth (Petrone et al., 2010).
The water shortage is expected to worsen, as climate change and variability projections suggest
that rainfall will decrease further over SWA in the future (Charles SP, 2010; Fraser et al., 2013)
and the percentage changes in rainfall will be amplified in decreased runoff (Teng et al., 2012a).
In addition, up to 20% more droughts are projected by 2030 in most parts of Australia and up
to 80% more droughts by 2070 in SWA (Mpelasoka et al., 2008). Furthermore, catchments in
SWA have been subjected to extensive land clearing (Callow, 2007), so the ability to project
the possible impacts of land use/cover change on streamflow is seen as a key management tool
(Gilfedder et al., 2009). While some studies have assessed the hydrologic response to climate
change and variability in SWA (Barron et al., 2012; McFarlane et al., 2012), there have been
few detailed studies of the coupling impacts of coincident climate and land use/cover changes
on individual catchments in SWA. These coupling effects of climate and land use/cover
changes on regional runoff regimes are complex and as yet poorly understood. Consequently,
a catchment representative of SWA was examined in this study to provide detailed insights that
suggest future options for water management under concurrent climate and land use/cover

changes.

In most climate change and variability impacts studies, hydrologic models are first
calibrated utilizing historical data. Next, downscaled climatic variables from Global Climate
Models (GCMs) are used as input data for hydrologic models to simulate water balance under
different climate scenarios (Reshmidevi et al., 2018). In this modelling process, uncertainties
stemming from climate models, downscaling methods and modelled hydrologic regimes, are
propagated through the entire modeling chain (Bosshard et al., 2013; Chen et al., 2013). Joseph
et al. (2018) compared hydrologic impacts from hydrologic parameters and climate models.
They found that the uncertainty resulting from hydrologic simulations was quite small when
compared to the climate model. This might be due to the fact that the hydrologic cycle is
sensitive to changes in precipitation (Crosbie et al., 2010) and GCMs project large variations
in rainfall change (Milly et al., 2005). Due to the considerable uncertainty in GCM predictions,
the outputs of multiple GCMs typically are used to evaluate hydrologic response to climate

change and variability (Zhang and Huang, 2013; Shen et al., 2018).

Both climate and land use/cover changes have strong impacts on water resources. The

combined effects of climate and land use/cover changes are not simply the sum of the two

116



effects (Notebaert et al., 2011). Therefore, the study of climate change and variability and land
use/cover change impacts on hydrology within a catchment has become a major research topic
(Anache et al., 2018). Currently, hydrologic modelling is the most widely used method to
quantify and evaluate the impacts of climate change and variability and land use/cover change
on the water cycle (Liu et al., 2017a). Soil and Water Assessment Tool (SWAT) is a physically
based and semi-distributed watershed hydrologic model developed by Arnold et al. (1998). It
can simulate long-term hydrologic variables, such as streamflow, on daily or monthly time
scales (Wang et al., 2008), under different climatic and land-use conditions. The SWAT model
has been demonstrated to be effective for quantifying hydrologic response to environmental
changes (Arnold and Fohrer, 2005). In recent years, there have been some studies using SWAT
for assessment of hydrologic response to future climate and land use/cover changes (Park et al.,
2011; Wu et al., 2015; Gabiri et al., 2020), including catchments in Australia (Shrestha et al.,
2017). However, to our knowledge, using the SWAT model under multiple GCMs and land
use/cover change scenarios has not yet been investigated for southwestern Australia.
Consequently, this study is the first to use the SWAT model, run with statistically downscaled
daily climate data from 34 GCMs and four land use/cover change scenarios, to assess the
hydrologic response to a combination of climate change and variability and land use/cover

change of a principal catchment in SWA.

Specifically, our aim is to evaluate the impacts of climate change and variability and land
use/cover change on hydrology in SWA, using the Wooroloo Brook catchment as a case study.
Hence, the components of this study were to: (1) evaluate the performance of the SWAT model
to simulate streamflow in the Wooroloo Brook catchment; (2) project changes in simulated
historical hydrologic variables (runoff, actual evapotranspiration, and soil water) under four
land use/cover change scenarios; (3) project future changes in simulated hydrologic variables
under climate change and variability; (4) project the combined effects of climate change and
variability and land use/cover change on hydrology; (5) quantify the contribution of GCM, RCP,

and land use/cover scenarios to the overall uncertainty in future changes of hydrologic variables.
6.2 Materials and methods

6.2.1 Study area

The Swan-Avon River catchment is located in SWA, covering an area of more than 120
000 km?, including parts of Perth’s metropolitan area (Degens et al., 2012). About 65% of the
Avon River basin has been cleared of its native woodland vegetation for cereal production and
sheep grazing, resulting in substantially increased soil erosion (Viney and Sivapalan, 1999).

The Swan Coastal Plain also has been extensively cleared for agriculture and urban
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development (Mulligan, 1996; Garnett et al., 2011). Wooroloo Brook is one of the major
tributaries of the Swan River in the Swan Coastal basin (CSIRO, 2009). The Wooroloo Brook
catchment above Karls Ranch (Figure 6-1) was chosen as the case study region. This catchment
is around 511 km? with elevation between 84 - 448 m. According to statistics in 1977-2016, the
mean annual temperature was about 17.4 °C, mean annual rainfall was around 737.5 mm and
mean annual runoff was approximately 75.5 mm in this catchment. There has been a significant
decreasing trend (“p value” < 0.01) in annual runoff resulting from decreasing rainfall in the
Wooroloo Brook catchment above Karls Ranch, in recent decades according to the Mann-
Kendall trend test. However, very few studies have been conducted regarding hydrologic
response to climate change and variability in the Wooroloo Brook catchment. Consequently,
this study is a step towards assessing the combined effects of climate and land use/cover
changes on catchment hydrology and can help inform and support regional priotrities for future

water management, with respect to both climate and land use/cover changes in SWA.
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Figure 6-1 Location map of the Wooroloo Brook catchment (consists of 13 sub-basins).
6.2.2 The SWAT model

The SWAT model (Arnold et al., 1998) is a physically based and long term simulation
watershed model which runs on a daily time step. It has proved to be an effective means for
assessment of water resource over a broad range of scales, globally (Gassman et al., 2007). A
modified Soil Conservation Service Curve Number (SCS CN) approach (Bondelid et al., 1982)
was used in SWAT to calculate runoff. Using the SCS CN method, SWAT allows the users to
evaluate the relative impacts of climate and land cover changes at the sub-basin level (Baker
and Miller, 2013). SWAT has been used successfully to model environmental change impacts
on hydrology, making it a widely used hydrologic tool in land use/cover change and climate
change and variability studies (Zhang et al., 2012; Baker and Miller, 2013; Narsimlu et al.,
2013). However, there are limited examples from western Australia, with most research having

focused on the far more populous eastern and southeastern Australia (Saha and Zeleke, 2015).
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Hence, this study will apply the SWAT model to examine the impacts of climate and land
use/cover changes on hydrology for a catchment in SWA. The Hargreaves method, using air
temperature as input data, was selected to simulate the potential evapotranspiration in the
SWAT model (Brown et al., 2015; Reshmidevi et al., 2018). For further model details, see
Arnold et al. (1998).

6.2.3 Data preparation

For developing a semi-distributed hydrologic model, various data series are needed as
inputs to the SWAT model. Processing of the specific data is described in this section, and the
input data for the SWAT model, sources of the data, and related characteristics of the data are

shown in Table 6-1.

Table 6-1 Data input for the SWAT model, data sources, and related characteristics.

Data Source Related Characteristics
.. . 1 second resolution SRTM
5153/;1) (Digital  elevation Geoscience Australia (Shuttle Rader Topography

Mission) derived DEM
Australian Bureau of Agricultural
Land use/cover map and Resource Economics and 50 m spatial resolution
Sciences (ABARES)

Published at a scale of

Soil map Bureau of rural sciences, Australia 1:2.000,000

Mean daily streamflow (1977-
Observed streamflow Bureau of Meteorology (BOM) 2007, 2009-2017)

Maximum and minimum daily
Observed climate data BOM temperature and rainfall (1974-

2017)
Climate data based on 34 Office of Science, US Department Maximum and minimum daily
GCMs under RCP4.5 and of Energy, downscaled by Liu and temperature and rainfall (1900-
RCP8.5 scenarios Zuo (2012) 2100)

6.2.3.1 DEM, land use/cover, and soil

DEM, land use/cover, soil, and slope characteristics are basic inputs for HRU (hydrologic
response unit) definition in the SWAT model (Roti et al., 2018). The details of data sources

adopted in this research are introduced below.

DEM is required by the SWAT model for delineating watershed and generating sub-basins
in the Wooroloo Brook catchment (Figure 6-1). In this study, the DEM data were downloaded

from Geoscience Australia (https://elevation.fsdf.org.au/) with a resolution of 30 m by 30 m,

and 13 sub-basins were generated (Figure 6-1). Sub-basin parameters (e.g. slope gradient and

channel length) were obtained from DEM.

Land use/cover is one of the key factors that impacts evapotranspiration and runoff in a
basin (Zhang et al., 2014). Land use/cover data with 50 m spatial resolution from ABARES

was adopted and reclassified to match the land use/cover classes in the SWAT model (Figure
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6-2) in this study. This data was obtained through the integration of fine-scale satellite data,
land tenure and other kinds of land use/cover information, and information gathered in the field.
There were three land use/cover classes in the study area: FRST (forest-mixed), RNGE (range-
grasses), and URBN (urban) (Figure 6-2).

The SWAT model needs a soil map and a soil database which contains multiple soil
characteristics such as depth of soil surface to layer bottom, soil bulk density, and saturated
hydraulic conductivity for different soil layers (Saha et al., 2014). The soil map was taken from
the Digital Atlas of Australian Soil for the Wooroloo Brook catchment (Figure 6-2), and a
“‘usersoil”’ database was created according to lookup tables and previous research (McKenzie

et al., 2000; Saha et al., 2014).

After DEM, land use/cover, and soil input in the ArcSWAT interface, this study defined
5 slope classes (0-10%, 10-20%, 20-30%, 30-50%, and >50%) for slope discretization. Finally,
thresholds of 0%-0%-0% were defined for land use/cover, soil, and slope using a multiple HRU
generation approach and 268 HRUs were produced using the ArcSWAT interface.

N SWAT land use class N Soil class
I FRST(50.6%) || RNGE (48.9%) A I renosol (iz1) 25%) [ Tenosol (122) (56.9%)

0
B UReN 05% I Kandosol (Mw31) (7.8%) | | Chromasol (Tf3) (32.8%)

.

® 0255 10 Kilometers
I:l Sub-basins

0 25 5 10 Kilometers
Figure 6-2 The maps of land use/cover classification (left) and soil (right) in the SWAT model
for the Wooroloo Brook catchment, SWA.
6.2.3.2 Climate data and streamflow

Daily rainfall and maximum and minimum temperature at 11 weather stations in 1974-
2017, used for driving SWAT model simulations, were collected from the Bureau of

Meteorology (BOM) (http://www.bom.gov.au/climate/data/). Based on the default settings of

SWAT, each sub-basin was assigned a climate station that was nearest to the centroid of the
sub-basin (Sirisena et al., 2018). For the calibration and validation of streamflow, daily

observed streamflow at the outlet of the catchment was obtained from the BOM


http://www.bom.gov.au/climate/data/

(http://www.bom.gov.au/waterdata/). To set model parameters for a great variety of climatic

conditions, a period for streamflow calibration including dry, normal, and wet years was chosen
in this study. Therefore, the periods of 1992-2017 (1989-1991 as warm-up, streamflow for 2008
was missing) and 1977-1991 (1974-1976 as warm-up) were selected for streamflow calibration

and validation, respectively.
6.2.4 Calibration and evaluation methods for the SWAT model

The program Sequential Uncertainty Fitting Ver. 2 (SUFI-2) (Abbaspour et al., 2007) in
SWAT Calibration and Uncertainty Programs (SWAT-CUP) was chosen for the SWAT model
parameters calibration, validation, and uncertainty analysis in this study. The sensitivity of 22
parameters in the SWAT model was ranked using the global sensitivity analysis approach
available in SUFI-2. The smaller the p-value and the larger the absolute value of t-stat, the more

sensitive is the parameter (Abbaspour, 2013).

In this research, the results for climatic and hydrologic variables all were shown at monthly
or annual time scales, so the modelling process would be more efficient with streamflow
calibrated at a monthly rather than a daily time scale. Thus, monthly simulated and observed
streamflow in 1992-2017 (2008 was missing) and 1977-1991 were used for the SWAT model
calibration and validation, respectively. By using the SUFI-2 procedure, 4 iterations with 1000
model runs in each iteration were run to maximize Nash-Sutcliffe Efficiency (NSE) (Nash and
Sutcliffe, 1970). Percent bias (PBIAS), NSE, and coefficient of determination (R?) were

selected as statistical evaluation criteria (Shi et al., 2011) in this study and were calculated as

follows:
_ Z?’:1(Qsim,i_Qobs,i)
PBIAS = 100¢( ARG ) (1
NSE =1 — Z?’:l(Qobs,i_Qsim,i)z (2)
51 (Qobsi=Tops)”
Rz — [Zliv=1(Qobs,i_Qobs)(Qsim,i_Q_sim)]2 (3)

Zli\il(Qobs,i_Q_obs)z Z?Ll(Qsim,i_gsim)z

where i is the ith sample; N is the number of samples; Qg;,, and Q,ps are simulated and
observed monthly streamflow (m?/s), respectively; Qgim and Q,ps are the average simulated

and observed monthly streamflow (m?/s), respectively.
6.2.5 Statistical downscaling method

Using the statistical downscaling method NWAI-WG (Liu and Zuo, 2012), gridded
climate data from GCMs at monthly time scale were downscaled to the weather stations at daily

time scale. First, an inverse distance-weighted interpolation approach was applied to downscale
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the monthly GCMs climate data to specific sites. A bias correction then was used to correct
monthly GCM simulations for each station. Third, a stochastic weather generator was used to
generate daily climatic variables for each station. The validation conducted by Liu and Zuo
(2012) indicated that this downscaling approach can well reproduce the observed climate data
at daily, monthly, and yearly time scales. In this research, a post downscaling treatment was
applied to the NWAI-WG model downscaled climate data. When applying downscaled data to
a catchment, the existence of inconsistent daily rainfalls among stations could lead to: 1) more
rainfall days and 2) less daily rainfall for the catchment and possibly poor modelling of high
flows. Therefore, the central station of the catchment was selected as the reference station and
other 10 stations were re-downscaled to have the matching rainfall events with the rainfall
quantities for each station. This post downscaling treatment is validated according to the
hypothesis that the climate stations are near enough so that the rainfall days are quite uniform.
This study area is about 515 km?, that is, the radius is around 12.8 km. Therefore, this catchment

downscaling approach was considered valid for this study.

In this study, 34 GCMs (Wang et al., 2019) from the Coupled Model Inter-comparison
Project 5 (CMIP5) were used to minimize the uncertainty created by the selection of GCMs.
Two RCPs (representative concentration pathways) were selected to represent the likely future
greenhouse gas concentrations with RCP 4.5 and RCP 8.5 represent intermediate and high
emission scenarios, respectively (Shrestha et al., 2017). In this research, the period of 1977-
2016 was defined as the baseline, 2021-2060 was defined as the near future, or 2040s, and
2061-2100 as the far future, or 2080s. To show the range of future climate projections, changes
at seasonal and annual time scales in maximum and minimum temperature and rainfall of 34
GCMs in 2040s and 2080s compared to the baseline period were calculated for this catchment.
Furthermore, to provide the range of future hydrologic projection, changes in runoff, actual
evapotranspiration (ET), and soil water (SW) at seasonal and annual time scales of 34 GCMs

in the 2040s and 2080s compared to the baseline were estimated.
6.2.6 Different land use/cover change scenarios

In this catchment, there were three land use/cover classes (i.e., forest-mixed (50.6%),
range-grasses (48.9%) and urban (0.5%)) based on SWAT land use/cover classes
reclassification. To assess hydrologic response to land use/cover change in the catchment, four
land use/cover change scenarios (Table 6-2) were considered, based on present land use/cover
conditions and possible future land use/cover plans. The present land use/cover (Figure 6-2) is
hereafter mentioned as LUO (land use 0) and the four land use/cover change scenarios are
mentioned as LU1-4 (land use 1-4). The Land Use Update tool in the SWAT model was used
to implement these changes at the sub-basin scale (Marhaento et al., 2017). For example, FRST
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is expected to be changed to URBN only when the two land use/cover classes occur in the same
sub-basin (Shrestha et al., 2017). LU1 assumes that 50% of current FRST will be converted to
RNGE with the remaining land uses/covers stay unchanged, representing a 25.3% increase in
RNGE area over the whole catchment. The details of other land use/cover change scenarios can

be found in Table 6-2, and land use/cover proportions for LUO-4 are shown in Table 6-3.

Table 6-2 The four land use/cover change scenarios based on LUO (i.e. forest-mixed (50.6%),

range-grasses (48.9%) and urban (0.5%)) in the Wooroloo Brook catchment, southwestern

Australia.
. Assumes that 50% of current FRST will be changed to RNGE while the
LU1 Deforestation o ) )
remaining land uses stay unchanged, i.e. 25.3% increase of RNGE area
LU2 Urbanization  Assumes that 100% of current FRST will be converted to URBN while the
/deforestation remaining land uses stay unchanged, i.e. 23.8% increase of URBN area
. Assumes that 50% of current RNGE will be changed to FRST while the
LU3 Afforestation o ) ]
remaining land uses stay unchanged, i.e. 24.4% increase of FRST area
L Assumes that 100% of current RNGE will be converted to URBN while
LU4 Urbanization

the remaining land uses stay unchanged, i.e. 29.5% increase of URBN area

Table 6-3 Land use proportions for LUO-4 in the Wooroloo Brook catchment, western Australia.

LU0 LU1 LU2 LU3 LU4
FRST 50.6% 253% 26.8% 75.0% 50.6%
RNGE 48.9% 74.2% 48.9% 24.5% 19.4%
URBN 0.5% 05% 243% 0.5% 30.0%

6.2.7 Contribution analysis of uncertainty

In uncertainty analysis, the analysis of variance (ANOVA) method has been widely
adopted to estimate the contribution of various sources (Aryal et al., 2019; Shi et al., 2020). In
this study, a three-way ANOVA (three factors) was used to calculate the contribution of GCM,
RCP, and land use/cover scenarios (LU) to the uncertainty in future changes of runoff, ET, and
soil water. The three-way ANOVA could be divided into seven parts with three main effects

and four interaction effects. Thus, the total sum of squares (SST) was quantified as:

SST = SSgem + SSrep + SSLy + SSeem:rer + SSeemiu + SSrepiu + SSeemirep Ly “)

main l interaction terms |
| Y

6.3 Results

6.3.1 Streamflow simulation

For streamflow calibration, 22 parameters of the SWAT model were calibrated, validated,
and ranked for the Wooroloo Brook catchment (Table 6-4). Global sensitivity analysis in
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SWAT-CUP was used to rank these parameters based on their sensitivities. The sensitivity
analysis indicated that 6 parameters (ranked 1-6, Table 6-4) had significant impacts on
calibration of the SWAT model (P < 0.05). In this catchment, SCS runoff curve number for
moisture condition II (CN2) was found to be the most sensitive calibration parameter. The
comparison between monthly simulated and observed streamflow during calibration and
validation is shown in Figure 6-3. A visual comparison suggests that the simulations reasonably
reproduced the observed streamflow and similarly replicated its temporal fluctuation. Figure 6-
4 indicates that monthly simulated and observed runoff had a high correlation (NSE > 0.86, R?
> 0.87, and |PBIAS| < 8.3%) in model calibration and validation in the Wooroloo Brook

catchment.

Table 6-4 The parameters calibrated and ranked in this study for the SWAT model using

SWAT-CUP in the Wooroloo Brook catchment, SWA.

) Adjustment and . Adjustment Calibrated Fitted
Ranking Definition
parameter name range range value
SCS runoff curve number for
1 R__CN2.mgt } N -0.25t00.35  -0.35t0 0.05 -0.16
_ moisture condition II
Threshold water level in
2 V. GWQMN.gw shallow aquifer for base flow 0 to 3000 300 to 2500 2035
(mm)
Available water capacity of
3 R__SOL _AWC(1).sol . -0.3t0 0.4 -0.24 t0 0.19 -0.19
- the soil layer
Soil evaporation
4 V__ESCO.hru . 0tol 045to0 1 0.57
— compensation factor
5 R__CANMX.hru Maximum canopy storage 0to 150 0to 100 16.4
Deep aquifer percolation
6 V__RCHRG DP.gw ) 0t00.2 0t00.1 0.083
- - fraction
7 R__HRU SLP.hru Average slope steepness -0.3t00.3 0.05 to 0.45 0.14
8 R__SLSUBBSN.hru Average slope length -0.25t0 0.6 -0.2t0 0.37 0.29
Effective hydraulic
9 V__CH K2.rte o ) 0 to 200 43.54 t0 147.9 46.5
- - conductivity of main channel
10 V__GW _REVAP.gw  Groundwater revap coefficient  0.02 to 0.2 0.025t0 0.11 0.076
Threshold depth of water in
11 V__ REVAPMN.gw the shallow aquifer for revap 0 to 500 0to0287.4 275.5
to occur (mm)
12 V__GW_DELAY.gw Groundwater delay (days) 0to 150 0to31 3.37
Available water capacity of
13 R__SOL _AWC(2).sol i -0.3t0 0.4 -0.12 t0 0.31 0.19
T - the soil layer
Manning's n value for
14 R OV _N.hru -0.31t00.3 -0.14 t0 0.17 0.094

overland flow
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15 V__ SURLAG.bsn Surface runoff lag time 0.05to 6 2.14t05 2.84
Depth from soil surface to
16 R SOL Z(2).sol . -0.1t0 0.1 -0.07 to 0.07 0.039
bottom of second soil layer
Depth from soil surface to
17 R SOL Z(1).sol . -0.1t0 0.1 -0.11 t0 0.03 0.006
bottom of first soil layer
Manning's n value for the
18 V_ CH N2.rte . 0.014t0 0.15  0.01 to 0.083 0.025
main channel
Baseflow alpha factor for
19 V__ ALPHA BNK.rte 0.03t00.9 0.15t0 0.7 0.16
bank storage
Plant uptake compensation
20 V__ EPCO.hru 03tol 0.48 to 0.83 0.57
factor
21 V__ALPHA BF.gw Baseflow alpha factor (days) 0to 0.5 0t00.7 0.54
Manning's n value for the
22 V__ CH Nl.sub . 0.014t0 0.15 0.028to 0.11 0.096
tributary channels
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Figure 6-3 The simulated and observed monthly streamflow for calibration (January 1992 to

December 2017, data for 2008 are missing) and validation (January 1977 to December 1991)

in the Wooroloo Brook catchment, SWA.
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Figure 6-4 Correlation of monthly simulated and observed runoff in model calibration and

validation in the Wooroloo Brook catchment, southwestern Australia.
6.3.2 Hydrologic response to land use/cover change

Monthly runoff, actual evapotranspiration, and soil water were simulated using the
calibrated SWAT under LU0-4, in 1977-2016, for the Wooroloo Brook catchment. Figure 6-5
displays seasonal runoff, ET, and SW under land use 0-4 while Table 6-5 shows changes in
annual runoff, ET, and SW under LUO-4. There were clear seasonal variations for runoff, ET,
and SW, with values greatest in winter (wet season) and least in summer (dry season) (Figure
6-5). Moreover, in Figure 6-5, seasonal changes of runoff under LU1-4 were generally more
remarkable than changes of ET and SW, especially in winter. In addition, Figure 6-5 suggests
that seasonal runoff increased under LU1-2 and LU4 (deforestation or urbanization) while
decreased under LU3 (afforestation), and the same result for annual runoff could be found in
Table 6-5. For example, runoff increased by 4 mm (6%) under LU1 (25.3% increase in RNGE
from FRST), 17 mm (22.8%) under LU2 (23.8% increase in URBN from FRST), and 18 mm
(25.1%) under LU4 (29.5% increase in URBN from RNGE) using the SWAT model. In
comparison, a 24.4% increase in FRST area from RNGE (LU3) caused a -3 mm (-4.3%)
decrease in runoff. In contrast to runoff, Table 6-5 shows that mean annual actual
evapotranspiration decreased under LU1-2 and LU4 (deforestation or urbanization), while
increased under LU3 (afforestation). In addition, the percentage changes of annual ET were
much smaller than that of runoff under LU1-4 (Table 6-5). For instance, average annual ET
decreased by -6 mm (-1.0%) with a 25.3% decline in FRST (LU1) and increased by 5 mm
(0.9%) with a 24.4% increase in FRST area (LU3) using SWAT. Furthermore, mean annual
soil water increased by 4.4% under LU1 (25.3% increase in RNGE from FRST) and very little
(£0.2%) under LU2 (23.8% increase in URBN from FRST), while decreased by -4.2% under
LU3 (24.4% increase in FRST from RNGE) and -4.6% under LU4 (29.5% increase in URBN
from RNGE) using SWAT.

Table 6-5 Changes in mean annual runoff, actual evapotranspiration, and soil water using the
SWAT model under LUO-4 in the Wooroloo Brook catchment, southwestern Australia in 1977-
2016.

Hydrologic variables LU0 LUl LU2 LU3 LU4
Value (mm) 73 77 90 70 91
Runoff Absolute change (mm) 0 4 17 -3 18
Percentage change (%) 0.0 6.0 22.8 -43 25.1
Value (mm) 568 562 558 573 561
ET Absolute change (mm) 0 -6 -10 5 -7
Percentage change (%) 0.0 -1.0 -1.8 09 -1.3
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Value (mm) 26.6 277 266 254 253
SW Absolute change (mm) 0.0 1.2 00 -1.1 -1.2
Percentage change (%) 0.0 44 02 -42 -4.6
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Figure 6-5 Seasonal runoff, ET, and SW in 1977-2016 under land use 0-4 in the Wooroloo
Brook catchment, SWA.

6.3.3 Projected changes in climatic variables

Future temperature and rainfall projections were aggregated to seasonal and annual time
scales and compared to baseline values (Figure 6-6). In this study, all 34 GCMs were in
agreement that the temperature would rise in the future, with greater temperature increases in
the 2080s than in the 2040s at both seasonal and annual time scales (Figure 6-6). In addition,
higher temperature increases were projected under RCP8.5 than RCP4.5 (Figure 6-6). Figure
6-6a-b shows that seasonal maximum temperature was mainly predicted to increase most in
spring in the future (the median increase was 1.3 °C (1.0-1.4 °C) in 2040s (RCP 4.5), 1.6 °C
(1.3-1.8 °C) in 2040s (RCP 8.5), 1.9 °C (1.6-2.2 °C) in 2080s (RCP 4.5), and 3.9 °C (3.1-
4.4 °C) in 2080s (RCP 8.5)), while increases were mainly lowest in winter (1.0 °C (0.8—1.1 °C)
in 2040s (RCP 4.5), 1.2 °C (1.0-1.4 °C) in 2040s (RCP 8.5), 1.5 °C (1.3—1.7 °C) in 2080s (RCP
4.5), and 3.0 °C (2.7-3.6 °C) in 2080s (RCP 8.5)). The uncertainty range, in brackets, shows
the 25th and 75th percentage of the 34 GCMs in this study. For temperature minima (Figure 6-
6¢-d), the median estimate exhibited the largest increase mainly in autumn (1.0 °C (0.8—1.2 °C)
in 2040s (RCP 4.5), 1.3 °C (0.9-1.6 °C) in 2040s (RCP 8.5), 1.5 °C (1.3-2.1 °C) in 2080s (RCP
4.5), and 3.4 °C (2.94.2 °C) in 2080s (RCP 8.5)), and the smallest increase in minimum
temperature in winter (0.9 °C (0.7-1.1 °C) in 2040s (RCP 4.5), 1.1 °C (0.9-1.3 °C) in 2040s
(RCP 8.5), 1.4 °C (1.2-1.7 °C) in 2080s (RCP 4.5), and 3.0 °C (2.6-3.4 °C) in 2080s (RCP
8.5)). The ensemble median increase for annual maximum temperature was 1.1 °C (1.0-1.3 °C)
in 2040s (RCP 4.5), 1.3 °C (1.2-1.5 °C) in 2040s (RCP 8.5), 1.8 °C (1.5-1.9 °C) in 2080s (RCP
4.5), and 3.4 °C (2.9-3.9°C) in 2080s (RCP 8.5) (Figure 6-6a-b), while the annual minimum
temperature was projected to increase by 1.0 °C (0.8—1.1 °C) in 2040s (RCP 4.5), 1.2 °C (1.1-
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1.5 °C) in 2040s (RCP 8.5), 1.6 °C (1.3—-1.9 °C) in 2080s (RCP 4.5), and 3.2 °C (2.9-3.7°C) in
2080s (RCP 8.5) (Figure 6-6¢-d).

Future rainfall changes vary across seasons and across GCMs, with most GCMs projecting
decreases at both seasonal and annual time scales (Figure 6-6e-f). Future rainfall decreased
more in spring and winter while decreased less in summer and autumn under both RCPs. The
largest ensemble median decrease in rainfall occurred in spring (-10.4 % (-17.7 to -6.2 %) in
2040s (RCP 4.5), -16.2 % (-23.0 to -8.1 %) in 2040s (RCP 8.5), -17.1 % (-26.4 to -10.6 %) in
2080s (RCP 4.5), and -35.9 % (-43.2 to -25.8 %) in 2080s (RCP 8.5)), while median summer
(-3.9 % (-11.1 to 14.1 %) in 2040s (RCP 4.5), -2.2 % (-13.6 to 11.1 %) in 2040s (RCP 8.5), -
0.1 % (-18.5to 17.9 %) in 2080s (RCP 4.5), and -0.3 % (-18.1 to 25.9 %) in 2080s (RCP 8.5))
rainfall was predicted to have the smallest future changes (Figure 6-6e-f). At annual time scale
in 2040s, the decreases in rainfall projected by the 34 GCMs ranged from -12.4 % (25th
percentage) to -3.3 % (75th percentage) under RCP 4.5 and -14.6 % (25th percentage) to -6.9 %
(75th percentage) under RCP 8.5 with the ensemble median of -8.7 % and -11.0 %, respectively.
More decreases were projected for annual rainfall in 2080s with -11.7 % (-15.3 to -7.9 %) under

RCP 4.5, and -22.6 % (-32.9 to -16.2 %) under RCP 8.5.
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Figure 6-6 Projected seasonal and annual changes in temperature (°C) and rainfall (%) in 2040s
and 2080s under both RCPs based on 34 GCMs compared to the baseline period. Data displayed

are changes of 40-year averages for each of the 34 GCMs. The lower and upper whiskers show
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the 10th and 90th percentiles; box boundaries show the 25th and 75th percentiles; the black line

within each box marks the median values.
6.3.4 Hydrologic responses to future climate change and variability

Projected runoff, ET, and SW were aggregated into seasonal and annual time scales, and
were compared to the baseline values. Similar to rainfall, changes in future runoff differ across
seasons and across GCMs, with most GCMs exhibiting decreases at both seasonal and annual
time scales (Figure 6-7-LUO). Future runoff was projected to decrease more in winter and spring
but decreasing less in autumn and summer under both RCPs. Also, annual runoff in 2080s
decreased more than those predicted in the 2040s, and annual runoff also showed more
decreases under RCP8.5 than RCP4.5 (Figure 6-7). The largest runoff, which was in winter in
baseline (Figure 6-5), was predicted to decrease most (-20.6 % (-35.3 to 6.4 %) in 2040s (RCP
4.5), -41.2 % (-51.5 to -11.8 %) in 2080s (RCP 4.5), and -62.3 % (-73.2 to -49.6 %) in 2080s
(RCP 8.5)) among the four seasons except in 2040s (RCP 8.5) when runoff decreased the most
in spring (-34.0 % (-40.6 to -2.5 %)). In addition, runoff was projected to decline least (-12.5 %
(-28.9t0 6.2 %) in 2040s (RCP 8.5), -11.1 % (-33.1 t0 9.5 %) in 2080s (RCP 4.5), and -31.1 %
(-44.1 to -3.6 %) in 2080s (RCP 8.5)) in autumn among the four seasons except in 2040s
(RCP4.5) when runoff decreased the least in summer (-3.2 % (-23.8 to 13.9 %)). Annual runoff
changes projected by the 34 GCMs in 2040s varied from -31.6% (25th percentage) to 3.2 %
(75th percentage) under RCP 4.5 and -39.1 % (25th percentage) to -4.1% (75th percentage)
under RCP 8.5 with the median values of -19.4 % and -28.3 %, respectively. More decreases
were projected for annual runoff in 2080s with -33.6 % (-45.0 to -14.4 %) under RCP 4.5, and
-55.3 % (-68.1 to -41.2 %) under RCP 8.5.

For actual evapotranspiration (ET), the majority of the 34 GCMs simulating decreases at
both seasonal and annual time scales except in autumn in 2040s (Figure 6-8-LUO). The changes
of ET were smaller than the simulated changes of runoff (Figures 7-8). In autumn in 2040s, ET
was projected to increase by 2.2 % (-5.2 to 6.4 %) under RCP 4.5 and 3.0 % (-3.8 to 7.6 %)
under RCP 8.5 according to ensemble median of the GCMs. At seasonal time scales (Figure 6-
8-LUO0), future ET was predicted to decrease most in spring (-11.3 % (-14.4 to -6.8 %) in 2040s
(RCP 4.5), -15.1 % (-19.0 to -9.9 %) in 2040s (RCP 8.5), -16.1 % (-21.7 to -11.9 %) in 2080s
(RCP 4.5), and -32.8 % (-38.6 to -24.8 %) in 2080s (RCP 8.5)). At annual time scale in 2040s,
changes of ET simulated by the 34 GCMs varied from -7.8 % (25th percentage) to -3.5 % (75th
percentage) under RCP 4.5 and -10.0 % (25th percentage) to -3.5 % (75th percentage) under
RCP 8.5 with the median values of -5.1 % and -6.0 %, respectively (Figure 6-8-LUOQ). More
decreases were projected for annual ET in 2080s with -7.5 % (-10.1 to -4.5 %) under RCP 4.5,
and -15.8 % (-23.5 t0 -9.0 %) under RCP 8.5. In addition, median estimates suggested that there
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was a trend of decreasing soil water at seasonal and annual time scales in both future periods
under both RCPs (Figure 6-9-LUO). Furthermore, ensemble median showed decreases of -15.0 %
(-17.9 to -10.1 %) in 2040s (RCP4.5), -16.0 % (-20.1 to -11.3 %) in 2040s (RCP8.5), -17.7 %
(-22.3 t0 -12.2 %) in 2080s (RCP4.5) and -30.0 % (-39.8 to -21.0 %) in 2080s (RCP8.5).
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Figure 6-7 Projected seasonal and annual changes in runoff (%) for LU0O-LU4 in the 2040s and
2080s under both RCPs estimated from 34 GCMs compared to the baseline period. Data
displayed are changes of 40-year averages for each of the 34 GCMs. The lower and upper
whiskers show the 10th and 90th percentiles; box boundaries show the 25th and 75th percentiles;

the black line within each box marks the median values.
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Figure 6-8 Projected seasonal and annual changes in ET (%) for LUO-LU4 in the 2040s and
2080s under both RCPs estimated from 34 GCMs compared to the baseline period. Data
displayed are changes of 40-year averages for each of the 34 GCMs. The lower and upper
whiskers show the 10th and 90th percentiles; box boundaries show the 25th and 75th percentiles;

the black line within each box marks the median values.
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Figure 6-9 Projected seasonal and annual changes in soil water (%) for LUO-LU4 in the 2040s
and 2080s under both RCPs estimated from 34 GCMs compared to the baseline period. Data
displayed are changes of 40-year averages for each of the 34 GCMs. The lower and upper
whiskers show the 10th and 90th percentiles; box boundaries show the 25th and 75th percentiles;

the black line within each box marks the median values.
6.3.5 Combined effects of climate and land use/cover changes

Under different land use/cover change scenarios (LU1-4), projected changes in seasonal
and annual runoff, ET, and SW in 2040s and 2080s compared with baseline values under both
RCPs from the 34 GCMs are shown in Figures 6-7, 6-8, and 6-9. According to the ensemble
median of the 34 GCMs, the results of the four land use/cover change scenarios (LU1-4) were
only slightly different from the responses to LUO (Figures 6-7, 6-8, and 6-9). For instance, the
ensemble median under LU2 (23.8% increase in URBN from FRST) and LU4 (29.5% increase
in URBN from RNGE) showed slightly smaller annual runoff decrease than other land
use/cover scenarios (Figure 6-7). In addition, the ensemble median under LU3 (24.4% increase
in FRST from RNGE) generally suggested marginally less annual ET decrease than other land
use/cover scenarios (Figure 6-8). Furthermore, the annual soil water decrease was slightly less

under LU1 (25.3% increase in RNGE from FRST) and slightly larger under LU3 (24.4%
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increase in FRST from RNGE) than other land use/cover scenarios, according to the ensemble

median of the 34 GCMs (Figure 6-9).

Figures 6-10, 6-11, and 6-12 show the projected change in runoff, ET, and SW for each
combination of the 34 GCMs under both RCPs and different land use/cover scenarios (LU0-4),
in both future time periods compared with baseline at annual time scale. For the same GCM in
the same future period under the same RCP, nearly all the five land use/cover scenarios (LUO-
LU4) agreed on the direction of the change signal (Figures 6-10, 6-11, and 6-12). For instance,
the climate model MI4 (RCP 4.5) showed a similar negative runoff change under LUO (-18.9 %),
LU1 (-17.0 %), LU2 (-14.6 %), LU3 (-20.4 %), and LU4 (-16.1 %) in 2040s (Figure 6-10a).
However, the direction of the change signal might be different for different land use/cover
scenarios under the same GCM when runoff changes (mm) were too small. For example, the
climate model CE2 (RCP8.5) showed a positive runoff change (3.3 %) under LU1 in 2040s
while showing a negative runoff change under LU4 (-1.4 %) (Figure 6-10b). Besides, the
directions of the change signal for different GCMs were quite different under the same land
use/cover scenario (Figures 6-10, 6-11, and 6-12). For instance, for the same land use/cover
(e.g. LUO), 9 GCMs showed a trend of increases for future runoff with the largest increase of
41.3 % (CE2), while 25 GCMs showed decreasing values with the largest decrease of -57.7 %
(GF2) in 2040s under RCP 4.5 (Figure 6-10a). In addition, for the same future period (e.g.
2040s), generally more GCMs showed decreasing values for runoff, ET, and SW under RCP
8.5 than that under RCP 4.5 (Figures 6-10, 6-11, and 6-12). Furthermore, almost all GCMs
showed decreasing soil water values in the future under both RCPs, and LU3 (24.4% increase

in FRST from RNGE) decreased more than other land use/cover scenarios (Figure 6-12).

To quantify the contribution of GCM, RCP, and LU to the uncertainty in future changes
of water balance, the ANOVA method was used and the results are presented in Figure 6-13.
The ANOVA shows that GCMs have the greatest contribution to uncertainty, followed by RCPs,
and the land use/cover scenarios have the least contribution to future changes of runoff, ET,
and SW. For instance, ANOVA (Figure 6-13) shows a 48.5 % influence of the GCM, followed
by RCP (30.4 %), whereas LU had a negligible impact of 1.08 % on changes of runoff.
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Figure 6-10 Projected changes in runoff (%) for 34 GCMs (RCP4.5 and RCP8.5) and LU0-4

in 2040s and 2080s compared to the baseline values at annual time scale. Data showed are

changes in the 40-year average values for each of the 34 GCMs under different land use/cover

scenarios.
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Figure 6-11 Projected changes in actual evapotranspiration (%) for 34 GCMs (RCP4.5 and
RCP8.5) and LUO-4 in 2040s and 2080s compared to the baseline values at annual time scale.
Data showed are changes in the 40-year average values for each of the 34 GCMs under different

land use/cover scenarios.
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Figure 6-12 Projected changes in soil water (%) for 34 GCMs (RCP4.5 and RCP8.5) and LUO-
4 in 2040s and 2080s compared to the baseline values at annual time scale. Data showed are
changes in the 40-year average values for each of the 34 GCMs under different land use/cover

scenarios.
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Figure 6-13 The contribution of uncertainty sources to the percentage change of annual runoff,

ET, and SW using ANOVA.
6.4 Discussion

6.4.1 SWAT modelling assessment

CN2 was ranked as the most sensitive calibration parameter, implying that the generation
of surface runoff is important for streamflow (Guo and Su, 2019) in the Wooroloo Brook
catchment. This parameter traditionally is one of the most important parameters in the SWAT
model (Feyereisen et al., 2007; Nossent et al., 2011; Abbas et al., 2017; Das et al., 2019). For
instance, Saha et al. (2014) studied streamflow modelling using SWAT in southeastern
Australia and also found that CN2 was the most sensitive parameter at daily and monthly time
scales. Based on the model evaluation performance ratings proposed by earlier research
(Moriasi et al., 2007; Wallace et al., 2018), a streamflow simulation is considered acceptable
when [PBIAS| < 25%, NSE > 0.5, and R? > 0.5. Consequently, SWAT has performed well for
monthly streamflow simulation when applied to the Wooroloo Brook catchment, with [PBIAS]
< 8.3%, NSE > 0.86, and R?> > 0.87 in calibration and validation. While SWAT was able to
reproduce observed streamflow, there might be some difficulties in replicating peak flows
(Figure 6-3). Earlier research (Fukunaga et al., 2015; Shrestha et al., 2016) also have concluded
that SWAT provided better results for low or average flows than for peak flows. A possible
reason is that the routing techniques used in SWAT sometimes are inappropriate (Kim and Lee,
2010). For instance, the curve number approach in the SWAT model uses mean daily rainfall
without considering the intensity and duration of the rainfall (Shrestha et al., 2016), which may
lead to difficulties in reproducing peak flows. Nevertheless, SWAT was judged to simulate the
observed runoff very satisfactorily with NSE and R? well above the satisfactory criteria, and
the calibrated SWAT could be further applied to assess the hydrologic response to climate and

land use/cover change in this catchment.
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6.4.2 Modelled hydrologic response to land use/cover change scenarios

The clear seasonal distributions in runoff, ET, and soil water, with values greatest in winter
and least in summer (Figure 6-5), were consistent with the seasonal variation in rainfall which
also was greatest in winter (383.9 mm) and least in summer (43.6 mm). Reason for this is that
rainfall is the major element influencing runoff, ET, and SW (Fekete et al., 2004), and this study
catchment is a winter rainfall dominant area (Chiew and Mcmahon, 2002). In addition, changes
in runoff under different land use/cover change scenarios varied across seasons, with the most
notable changes appearing in winter (wet season). The seasonal runoff response to land
use/cover changes with the largest absolute changes (mm) happened in the rainy season and the
smallest absolute changes (mm) in the dry period were in line with findings in other research
(Brown et al., 2005; Zhang et al., 2020). However, it is noted that although the absolute change
(mm) of runoff in the dry season (summer) was much smaller compared with the wet season
(winter), the percentage changes (%) in runoff were noticeable during all seasons. Results
indicated that mean annual actual evapotranspiration would decrease under deforestation or
urbanization, while increasing under afforestation, and these responses are in general agreement
to research literatures (Wattenbach et al., 2007; Lin et al., 2015). In contrast, annual runoff
increased under deforestation or urbanization while declined under afforestation. Previous
hydrologic simulations also found similar results for runoff responses to such land use/cover
changes. For instance, Siriwardena et al. (2006) reported that the impact of clearing forest in an
Australian catchment from 83 to 38% was to increase the runoff by approximately 40%. This
is due to the higher evapotranspiration (Hundecha and Bardossy, 2004) and water consumption
(deep root system extracting water from shallow aquifer storage) (Mwangi et al., 2016) in forests,
which leads to a reduction in runoff. Furthermore, mean annual soil water decreased under
afforestation while increased under deforestation using SWAT. Previous studies have found
that both shallow and deep soils became very dry following tree planting (Jia et al., 2017).
Consequently, afforestation efforts in the future should consider include growing tree types
with low water consumption to help sustainable conservation of soil, without compromising

water needs, in dry areas.
6.4.3 Modelled hydrologic response to future climate change and variability

The ensemble median of GCMs indicated that annual maximum temperature and
minimum temperature would rise by 1.0-1.3 °C in 2040s and 1.6-3.4 °C in 2080s, regardless of
emission scenarios. The temperature changes projected in this study are generally within the
ranges given in previous research literature. For instance, climate projections for Southern and
South-Western Flatlands showed that temperature would increase by 0.5-1.1 °C (10th to 90th
percentile) by 2030 with only minor difference between the scenarios, and by 1.2-2.0 °C and
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2.6-4.0 °C by 2090 under RCP4.5 and RCP8.5, respectively (Hope et al., 2015). In addition to
temperature, median values of the 34 GCMs showed that rainfall was projected to decrease in
all seasons and decrease greatest in spring (season of the second largest rainfall) and winter
(season of the largest rainfall), in the future. For instance, rainfall was projected to decline by -
35.9 % in spring and -26.9 % in winter by 2061-2100, under RCP 8.5. This is in agreement
with earlier research. For example, Hope et al. (2015) reported that there was high confidence
that spring, winter, and annual rainfall would decline in the Southern and South-Western
Flatlands in Australia, and rainfall declines were greatest during spring and winter, at 36% and

29%, respectively, by 2090 for RCP 8.5.

The multi-GCM ensemble median for annual runoff showed considerable decreases by -
19.4 % in 2040s (RCP4.5), -28.3 % in 2040s (RCP8.5), -33.6 % in 2080s (RCP4.5), and -55.3 %
in 2080s (RCP8.5), which is consistent with the trend of changes in previous research, despite
the study area, time periods, GCMs, downscaling techniques, and modelled hydrologic regimes
differing across research. For example, the median forecast of 15 GCMs for an 8% decline in
rainfall across SWA by 2030 was projected to reduce runoff by 25% (Silberstein et al., 2012).
In addition, Hope et al. (2015) projected that runoff in SWA would decline by about 45%
(median values) under RCP 4.5 and 64% under RCP 8.5 by 2090 (Sudmeyer, 2016). Besides,
annual rainfall change was amplified in annual runoff change. For instance, a 2.5 % change in
annual runoff for 1% change in annual rainfall can be inferred from Figures 6-6 and 6-7, which
is also broadly supported by previous research (Silberstein et al., 2012). Moreover, annual
actual evapotranspiration was also predicted to decrease (at a smaller extent compared to runoff)
by -5.1 % in the 2040s (RCP4.5), -6.0 % in 2040s (RCP8.5), -7.5 % in the 2080s (RCP4.5) and
-15.8 % in 2080s (RCPS.5). It is noted that the decrease in actual evapotranspiration may be
related to the decreasing rainfall, although the potential evapotranspiration increases with
higher temperature. This is because the study area has a small runoff coefficient (about 0.10)
which means this area is relatively dry, so rainfall and soil water can also highly affect actual
evapotranspiration, in addition to temperature. Furthermore, median estimates indicate that
annual soil water was also projected to decline by -15.0 % in 2040s (RCP4.5), -16.0 % in 2040s
(RCP8.5), -17.7 % in 2080s (RCP4.5), and -30.0 % in 2080s (RCP8.5), with the extent of
decrease less than runoff and more than actual evapotranspiration. Hope et al. (2015) also
reported projected decrease (high confidence) in soil moisture in SWA, and with extremely low
soil moisture there was likely to be an increase of up to 80% more drought months in SWA by

2070 (Sudmeyer, 2016).
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6.4.4 Modelled hydrologic responses to combined effects and uncertainties

According to the ensemble median of the 34 GCMs, the results from the four land
use/cover scenarios (LU1-4) differ only slightly from the response to LUO (Figures 6-7, 6-8,
and 6-9). Besides, for the same GCM in the same future period under the same RCP, almost all
five land use/cover scenarios (LUO-LU4) showed a similar direction and magnitude of changes,
while the directions or magnitude of changes for different GCMs were quite different under the
same land use/cover scenario (Figures 6-10, 6-11, and 6-12). Therefore, according to Figures
6-7, 6-8, 6-9, 6-10, 6-11, and 6-12, GCMs were expected to have much more impacts on
changes of hydrologic variables than land use/cover scenarios. Other studies found similar
trends, where changes in runoff were primarily affected by climate change and variability
whereas the role of land use/cover change was limited compared with climate change and
variability (Phung et al., 2019). In addition, although land use/cover scenarios had a much
smaller effect on changes of hydrologic variables compared to GCMs and RCPs, it is
noteworthy that the combined impacts of land use/cover change and climate change and
variability could further increase or decrease the future changes of hydrologic variables. For
instance, annual soil water under LU3 (24.4% increase in FRST from RNGE) tended to
decrease more than other land use/cover scenarios (Figure 6-9 and Figure 6-12). This highlights
the need for reforestation programs to be carefully targeted to maximizing ecological benefits

while also minimizing soil water losses.

Previous research has shown that the selection of GCM is the major contributor to the total
uncertainty (Chen et al., 2011b; Teng et al., 2012b), which is consistent with our results from
the ANOVA analysis. For instance, Nasonova et al. (2018) studied streamflow response to
climate change and variability in large-scale watersheds and found that the contribution of
GCMs to the runoff projection uncertainty was almost twice higher than that of the RCPs.
Karlsson et al. (2016) projected the combined effects of land use/cover change and climate
change and variability on hydrology and found that the selection of climate models remained
dominant while the contribution of land use/cover scenarios to the average streamflow was only
1%. Therefore, caution is recommended when selecting climate models for hydrologic impacts
assessment, and an ensemble of GCMs could be used to minimize the uncertainty resulting

from the selection of GCMs (non-extreme dry or wet studies).
6.4.5 Caveats and limitations

This research concentrates on the impacts of uncertainties caused by GCMs, RCPs, and
land use/cover scenarios. However, hydrologic model structures, model parameterization, and
downscaling procedures also generate uncertainties. For instance, Chen et al. (2011a) compared

six downscaling techniques to study the uncertainties in quantifying climate change and
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variability impacts and their results indicated that regression-based statistical downscaling
techniques had a significant contribution to the uncertainty envelope. Karlsson et al. (2016)
applied three hydrologic models to study combined effects of climate models and land
use/cover scenarios and found that the hydrologic model structure also significantly affected
the impact analysis results, particularly for extreme events. Besides, the CO, fertilization and
transpiration decrease with CO, were not well incorporated in the hydrological modelling,
which may lead to some uncertainty in the projected future changes. Modelling results showed
that the increased atmospheric CO, decreased vegetation evapotranspiration, which may be a
crucial reason for the increase in runoff in major rivers worldwide since the beginning of the
20th century (Gedney et al., 2006). Plant physiological changes induced by increased
atmospheric CO, have two main impacts on runoff: decreases in plant evapotranspiration
caused by decreases in leaf conductance and increases in plant evapotranspiration caused by
changes in leaf area index, and there is a mutual compensation effect between them on the
changes in evapotranspiration (Field et al., 2010). Although the increase in leaf area index can,
to some extent, compensate for the decrease in evapotranspiration caused by the decrease in
leaf conductance induced by increased atmospheric CO», this compensation effect is limited
with great uncertainty. In most cases, the response of leaf area index to atmospheric CO, change
is much less than that of leaf conductance (Field et al., 2010). The increased atmospheric CO,
has important impacts on plant physiology, however, the change in vegetation
evapotranspiration caused by this has great uncertainty due to the complicated interactive
processes involved in it. Betts et al. (2007) simulated the impacts of plant physiological changes
induced by increased atmospheric CO; on future runoff using GCMs. It was found that the plant
physiological changes caused by increased atmospheric CO, would increase the global average
runoff by 6% compared with that before the Industrial Revolution through the impacts on plant
evapotranspiration. It is possible to underestimate the increasing trend of future runoff and
overestimate its decreasing trend if the impacts of increased atmospheric CO; on water cycle
were not considered. However, an investigation of these supplementary sources is outside the

context of this research.
6.5 Conclusions

This study assessed the hydrologic response to climate change and variability and land
use/cover change, both separately and when combined, in the important Wooroloo Brook
catchment, located in southwestern Australia. The SWAT model was calibrated and validated
before simulating climate change and variability and land use/cover change impacts, and
performed well in this study area with NSE and R? values far larger than 0.5. Historical

simulation under land use/cover change showed that seasonal and annual runoff increased under
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deforestation or urbanization, while declining under afforestation. Future runoff was projected
to decrease more in winter and spring, but decrease less in autumn and summer. Annual ET
was predicted to decrease to a smaller extent compared to runoff, whereas annual SW was
projected to decrease less than runoff and more than ET. The calibrated SWAT then was applied
to study hydrologic response to combined climate and land use/cover changes on water balance
in the 2040s and 2080s periods. The results of four land use/cover change scenarios (LU1-4)
were only slightly different from the response of zero land use (LUO0), according to the ensemble
median of the 34 GCMs. ANOVA showed that GCM has the greatest contribution to
uncertainty, followed by RCP, and the land use/cover scenario contributes least to future
changes of runoff, ET, and SW. Although the land use/cover scenario had limited effects on
water balance compared with GCM and RCP, the joint impacts of climate and land use/cover
changes could further increase or decrease the future changes of hydrologic variables. For
instance, annual soil water under LU3 (24.4% increase in FRST from RNGE) was projected to
decrease more than other land use/cover scenarios. Therefore, soils could become drier after
planting trees, suggesting that afforestation in the future shall consider tree types with less water
consumption, to help sustainable conservation of soil without compromising water needs in dry
areas. In addition, this study focused upon the Wooroloo Brook catchment, which though
selected as representative of such catchments (similar climatic and hydrologic conditions),
lacks repetition at the catchment-scale. Moreover, current newest GCMs from CMIP6 (Coupled
Model Inter-comparison Project 6) are expected to improve and enhance climate change and
variability projections for Australia (Grose et al., 2020). Therefore, more catchments,
hydrologic models, different downscaling methods, and CMIP6 models will be chosen in future

research to make a comprehensive range and probability of projections on future hydrology.
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Chapter 7. Final conclusions, limitations, and future research

7.1 Final conclusions

This study mainly investigated the individual and coupled effects of future climate change
and variability and land use/cover change on water balance components in Australia. The
outcomes of this project can provide crucial information for the development of sustainable
land and water management under future climate change and variability at a catchment scale in
Australia. The research approaches presented in this study can be further applied to other
catchments with similar climatic and hydrologic conditions for climate and land use/cover

changes impact assessments.

To identify the driving factors (i.e., precipitation, temperature, net radiation, relative
humidity, wind, and human activity) and their impacts on runoff, statistical methods were used
to derive trend, mutation, and cycle characteristics of the climatic and hydrologic variables, and
the relationships among them in four Australian catchments with different climatic conditions
(Chapter 3). According to correlation analyses between annual hydrologic and climatic factors,
runoff displayed the greatest correlation with rainfall in most of the four catchments while
FAOS56 potential evapotranspiration showed a greatest negative correlation with relative
humidity and greatest positive correlations with maximum temperature and solar radiation for
all catchments. Based on the climate elasticity, the order of the affecting factors to runoff was:
rainfall > parameter n of land use/cover change > net solar radiation > maximum temperature >
relative humidity > wind speed > minimum temperature for most of the four catchments. As
expected, rainfall is the factor that most affects runoff, and an increase of 10% in rainfall led to
an increase of 24.4% in runoff according to the average of the four catchments. In addition, the
fractional contributions from climate change and variability and human activity to runoff

change were 55.5% and 44.5%, respectively, across the four catchments in Australia.

To evaluate the impacts of future climate change and variability on water balance
components, the XAJ hydrological model and downscaled GCM projections were applied to a
catchment in eastern Australia (Chapter 4). Annual rainfall and runoff were projected to
decrease slightly in 2021-2060 and increase in 2061-2100 based on the median estimates from
the ensemble of GCMs. A slight increase was predicted in annual actual evapotranspiration,
while a decrease was projected in annual soil water in the future. The future changes of actual
evapotranspiration, runoff, and soil water at seasonal and annual scales are mainly affected by
rainfall changes, but less affected by temperature changes. The increase of high runoff values
and decrease of low runoff values projected from the ensemble of GCMs indicate that the

variability of future water resources will increase at monthly and seasonal scales. The possible
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future decrease of water availability in eastern Australia may aggravate due to the trend of

decreasing values in future winter runoff and soil water.

To assess the impacts of land use/cover change on water balance components, the SWAT
model with plant growth calibrated using MODIS LAI data was applied in wet tropical eastern
Australia (Chapter 5). The improved SWAT could reproduce MODIS LAI with much better
NSE values than the original SWAT, and to simulate runoff well with slightly better NSE and
R? than the original SWAT. Land use/cover change has an influence on all hydrologic variables,
and the influence on surface runoff is the most remarkable at annual scale. Urbanization
increased surface runoff while decreased lateral runoff and groundwater, but produced no clear
change in total runoff, actual evapotranspiration, and soil water at yearly scale. In addition,
afforestation was able to increase evapotranspiration, reduce surface runoff and soil moisture,
and result in slight changes in other hydrologic variables at yearly scale. The total runoff for
urban, range-grasses, and forest-evergreen land uses/covers were strongly correlated (r > 0.94)
with rainfall at yearly scale. Under the same rainfall, soil texture, and terrain slope, the total
runoff produced by forest-evergreen was usually less than that by range-grasses and urban land
uses/covers. Furthermore, under the same condition, more surface runoff and less lateral runoff
and groundwater were usually generated by urban land use/cover than that by forest-evergreen

and range-grasses.

To study the impacts of both climate change and variability and land use/cover change on
hydrologic variables, a case study of a catchment in southwestern Australia was conducted
using the SWAT model, 34 GCMs under two RCPs, and five land use/cover scenarios. For the
combined impacts of climate and land use/cover changes, the results of the four land use/cover
change scenarios were only slightly different from the response of the original land use/cover.
An uncertainty analysis shows that GCMs had the greatest contribution to hydrologic variables,
followed by RCPs and land use/cover scenarios. Hence it is advisable for impacts analysis (non-
extreme dry or wet studies) to use an ensemble of GCMs under different RCPs as this study or
select “good” GCMs that can capture regional atmosphere physical processes as some other
studies, to minimize the uncertainty of projected future hydrologic variables. Although the land
use/cover scenario had limited effects on water balance compared with GCM and RCP, the
joint impacts of climate and land use/cover changes could further increase or decrease the future

changes of hydrologic variables.
7.2 Limitations and uncertainties

This study used “Mann-Kendall abrupt test” to detect change points of hydroclimate time

series, while there are many abrupt test methods in the literature and each method has its own
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advantages and limitations given its theory. Therefore, a combination of multiple methods
could be used to analyse change points to avoid the potential lack of robustness from the
utilization of a single method (Zhong et al., 2020). In addition, an ensemble of GCMs under
different RCPs was used to reduce uncertainties arising from the choice of a single GCM.
However, we only used one hydrological model to simulate water resource availability, and
therefore this may contribute some uncertainty because of the choice of model parameters and
model structure. Use of several hydrological models with different formulations was judged to
improve confidence that the likely range of simulated responses is covered (CSIRO, 2010).
Consequently, using an ensemble of hydrological models, different downscaling methods and
various bias correction algorithms, is recommended to provide a full range and probability of
future hydrologic simulations. Besides, the CO, fertilization and transpiration decrease with
CO, were not well incorporated in the hydrological modelling, which may lead to some
uncertainty in the projected future changes. In addition, although the land use/cover change
scenarios considered in this study were based on present land use/cover conditions and potential
future land use/cover plans in the selected catchments, we could discuss them with State
planning departments in Australia for getting more explicit land use/cover change plans.
Moreover, a change of land use/cover could result in a feedback to the regional climate.
However, the interaction between land use/cover change and regional climate was not
considered in this study. Furthermore, the present study was focused on 4 catchments (mainly
located in the east coast, Murray-Darling basin, and western Australia), which although deemed
to be representative of such catchments, lacks replication at the catchment-scale. Consequently,
more catchments will be selected in a following study to represent the large range of climate,
physical and flow characteristics throughout Australia, and to provide insights for future water

management.
7.3 Future research

The aims of future research are to: (1) study hydrologic responses to climate and land
use/cover changes using large-scale hydrological models in larger areas to provide insights for
future water management; (2) study land use/cover change impacts on hydrology using
projected future land use/cover maps in Australia; (3) make a comprehensive range and
probability of projections on future hydrological cycle by choosing more hydrologic models
and downscaling methods; (4) consider the influence of increasing atmospheric COz on
stomatal conductance in the SWAT model, which may offset the magnitude of the potential
evapotranspiration caused by the warming climate; (5) provide further insights into impacts on
future hydrological variables by using the up-to-date CMIP6 (Coupled Model Intercomparison

Project phase 6), which is expected to improve and enhance climate change and variability
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projections for Australia; (6) study the impacts of other factors (e.g. mining, dam, surface and
groundwater abstracts) on hydrological cycle and regional/catchment water availability; (7)

consider the interaction between land use/cover change and regional climate in coupled

simulation.
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