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Assessments of climate change impacts on freshwater ecosystems are generally based on global climate
models (GCMs) and ecologically relevant “time-averaged” hydrological indicators derived from longterm records. Although uncertainties from GCMs have been recognized, the inﬂuence of downscaling
methods remains unclear. This paper evaluates the inﬂuence of applying different downscaling methods
of increasing complexity (annual scaling, monthly scaling, quantile scaling, and weather generator
method) on the assessment of ecological outcomes. In addition to time-averaged indicators, “sequencedependent” metrics which involve ecological dynamics by considering the impacts of ﬂow sequencing
are also adopted. In a case study in Australia, the condition of river red gum forest was assessed. Results
show that the choice of downscaling methods can be of similar importance as that of GCMs in ecological
impact studies. Where sequence-dependent metrics are adopted, more sophisticated downscaling
techniques should be used to better represent changes in the frequency and sequence of ﬂow events.
© 2017 Elsevier Ltd. All rights reserved.

Keywords:
Climate change
Downscaling
Environmental ﬂows
Time-averaged metrics
Sequence-dependent metrics

1. Introduction
Water resources around the globe are becoming increasingly
€ ro
€ smarty et al.,
stressed as human demand for water increases (Vo
2010). There is now signiﬁcant evidence that climate change,
exhibited through altered precipitation patterns and temperature,
will alter the global hydrological cycle and local catchment hydrology to exacerbate these stresses (Arthington et al., 2006; Poff
and Zimmerman, 2010; Poff et al., 2015). At the same time, there
is growing awareness and understanding of the implications of
hydrological alterations for freshwater ecosystem health (Dudgeon
et al., 2006; Poff et al., 2010, 1997). It is important therefore to
understand the implications of a changing climate for not only
human water uses, but also for the instream environment those
€ll and Zhang, 2010; Poff et al., 2015). However,
uses depend on (Do
when assessing the impact of climate change, it is important to
consider the method used to represent those changes in the context
of the objectives of most interest.
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There is an extensive literature examining the impacts of
climate change on water resources, however few focused specifically on ecological outcomes. A large number of these studies have
focused purely on instream hydrology and long term average ﬂow
conditions (e.g. Beyene et al., 2010; Chiew et al., 2009; Lauri et al.,
2012). Studies focused primarily on water availability have tended
to adopt simple ecologically relevant hydrological indicators to
infer ecological outcomes (e.g. CSIRO, 2008). Where studies have
included environmental outcomes, the most common approach has
been to assess the ecologically relevant hydrological indicators at
€ ll and Zhang, 2010; Laize
 et al.,
the seasonal and annual scale (Do
2014; Piniewski et al., 2014). Only a handful of studies have adopted more complex approaches. For example, in addition to hydraulic indicators of direct relevance to habitat (e.g. water depth),
Htun et al. (2016) and Walsh and Kilsby (2007) used a habitatsuitability based approach, and Battin et al. (2007) used a population model, where responses of ﬁsh or waterbirds were investigated. As our understanding of environmental ﬂow requirements
improves, it has been gradually acknowledged that it is difﬁcult to
characterize the dynamics of ecological response using simple hydrological ﬂow indicators as they do not capture the complexity of
the interactions involved. It thus may be necessary to adopt
assessment methods based on process-oriented descriptions of
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ecological dynamics particularly at inter-annual scale, for example,
the state and transition succession theory (Zweig and Kitchens,
2009), for long-lived species (Anderson et al., 2006; Hickey et al.,
2015).
There has been signiﬁcant scientiﬁc research aimed at representing climate change derived at the global or regional scale in a
way that is relevant to the assessment of water resources at the
local scale. Global climate models (GCMs) are the primary tool for
understanding and projecting changes in the global climate and
their outputs have been widely used in impact studies (Maraun
et al., 2010). Despite their physical basis and the ability to represent historical climate, GCMs have two key limitations. Firstly, there
are substantial uncertainties between GCMs and within a GCM
(Peel et al., 2015); the former largely reﬂects the epistemic uncertainties related to model structure and parameterization, and
the latter to aleatory uncertainties associated with the random
nature of natural processes and the initial state and forcing vari€ m et al., 2015). These uncertainties can
ables (Beven, 2015; Ekstro
result in large differences between simulations, and are usually
addressed by analyzing simulations from multiple GCMs or
different ensemble members (e.g. Chiew et al., 2009; Lauri et al.,
2012; Thompson et al., 2014). Secondly, GCM outputs are of too
coarse a scale to be directly used in catchment-scale impact studies
(e.g. see Fowler et al., 2007). Numerous downscaling techniques
have been developed to derive local climate change information
from large scale GCMs outputs (Maraun et al., 2010). The two primary categories of downscaling techniques are (1) dynamic
downscaling, which obtains regional information by nesting a
high-resolution regional climate model within a GCM, and (2)
statistical downscaling, which relates large scale climate variables
to local scale climate variables (Trzaska and Schnarr, 2014).
Although dynamic downscaling is more conceptually appealing, it
has not been popular in impact studies due to the computational
cost and limitations of regional climate models (Fowler et al., 2007).
In contrast, statistical downscaling has been more widely applied
(Trzaska and Schnarr, 2014). Under the broad category of statistical
downscaling, there are a number of methods from the simplest
constant scaling method to more sophisticated regression models
and weather generator methods.
Different downscaling techniques yield differences in local
climate change characterizations, and these differences affect the
evaluation of changes to the hydrological regime (Chen et al.,
2011a; Hay et al., 2000; Mpelasoka and Chiew, 2009). Even
though GCMs generally represent the largest source of uncertainty
in climate change impact assessments (Kay et al., 2009; Minville
et al., 2008), the inﬂuence of downscaling methods, depending
on the hydrological indicators assessed, could be of a similar
magnitude to that of GCMs (Chen et al., 2013, 2011b; Prudhomme
and Davies, 2009; Teutschbein et al., 2011). The need to consider
both GCMs and downscaling techniques on issues related to
catchment hydrology has been well recognized. However, in
ecological impact studies, although the uncertainty from GCMs has
been considered, the inﬂuence of downscaling methods has not
previously been assessed. Existing literature has tended to adopt
multiple GCMs to assess the impact on instream environment
derived from hydrological alterations whilst adopting only a single
€ ll and Zhang, 2010;
downscaling method (Battin et al., 2007; Do
Piniewski et al., 2014; Thompson et al., 2014). The majority of
these studies have adopted simple statistical downscaling ap€ll
proaches, such as the monthly-scale constant scaling method (Do
and Zhang, 2010; Htun et al., 2016; Piniewski et al., 2014; Walsh and
Kilsby, 2007).
This paper examines the implication of using different downscaling methods for the assessment of freshwater ecosystem conditions. The choice of a downscaling method e as with the choice of
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a GCM e introduces uncertainty into the assessment of climate
change impacts. This uncertainty reﬂects both the differences in the
ability of each method/model to adequately represent climate
change (i.e. epistemic uncertainty) and the natural variability (i.e.
aleatory uncertainty) of the system being analyzed (Beven, 2015).
The latter is of particular importance to the assessment of ecological impacts as different environments or river typologies have
evolved to cope with different levels of natural variability, known as
the ecosystem resilience (Poff and Matthews, 2013). Climate
change impacts both the frequency and variability of ﬂow conditions, and thus methods which consider this explicitly may be expected to provide a more realistic assessment of the impacts. This
paper considers three deterministic downscaling methods (constant scaling applied on the annual scale and the monthly scale, and
the quantile scaling method) and a stochastic downscaling method
(based on the use of a weather generator), the latter of which is able
to consider the natural variability in climate sequences. We
consider the type of hydrological indicators that are typically used
to assess ecological impacts, and include more sophisticated metrics that consider ecological dynamics, which is important when
considering the inﬂuence of natural variability (Section 2). A brief
introduction to the four downscaling methods are provided in
Section 3. The Ovens River, Australia, is used as a case study to
explore the inﬂuence of applying different downscaling methods
on ecological outcomes (Section 4). Results are presented in Section
5, and the importance of the selection of a downscaling method on
the assessment of ecological impacts is discussed in Section 6.
2. Assessment of hydrological alterations affecting ecological
outcomes
The natural ﬂow paradigm is a central element of many environmental ﬂow assessment methodologies (Acreman et al., 2014).
The natural ﬂow paradigm suggests that the entire ﬂow regime is
critical to the integrity of river ecosystems, and this can be represented through key ﬂow components described by their magnitude, frequency, duration, timing and rate of change (Poff et al.,
1997). Modiﬁcations of the components will have cascading effects on an ecosystem's ecological integrity. Although it is still unclear how the modiﬁcations transfer quantitatively to ecological
responses, it has been demonstrated that the risks to ecosystem
€ ll
health increase with the degree of hydrological alterations (Do
and Zhang, 2010; Poff and Zimmerman, 2010). The natural ﬂow
regime thus provides the baseline for quantifying ﬂow alterations
to assess the impact of human activities and climate change on
instream environment (Poff et al., 1997; Poff and Zimmerman,
2010).
There are a large variety of hydrological indicators that have
been developed to characterize ﬂow regimes and to quantify hydrological alterations (Olden and Poff, 2003). Broadly, studies have
attempted to select a range of hydrological indicators that are
representative of the ecologically relevant ﬂow regime (e.g. the
Indicators of Hydrological Alteration; Richter et al., 1996). Flow
alterations are calculated by comparing the hydrological indicators
of changed ﬂow series to a reference ﬂow series, which is usually
representative of “undisturbed” conditions. Hydrological indicators
remain the most commonly used metrics for assessing the
ecological impacts at a catchment scale. In this paper, they are
referred to as “time-averaged” metrics, as they are based on statistical analysis of long-term records and do not explicitly consider
the sequencing of ﬂow conditions.
River ecosystems are shaped by a combination of the ﬂow
regime and internal feedbacks that are heavily dependent on the
sequencing of particular ﬂow events (Anderson et al., 2006). This
has recently led to a series of more complicated indices, which
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include the process-oriented descriptions of ecological dynamics.
Ecosystem succession has multiple trajectories and endpoints and
is dominated by climatic (and hence hydrologic) variability. Nonspatial conceptual frameworks representing the succession patterns have been developed for assessing the conditions of instream
population and communities in a changing environment. Hydrological indicators alone (e.g. Overton et al., 2014) or in combination
with other climatic and hydraulic factors (e.g. Zweig and Kitchens,
2009) have been used as the forcing functions for state transitions.
Such indices considering state transitions require examination of
the sequences of ﬂow events and cannot be represented by linear
mathematical models. In this paper, such indices are referred to as
“sequence-dependent” metrics.
3. Downscaling methods
To translate large spatial scale climate simulations to local scale
climate projections, we adopt four statistical downscaling methods,
namely (i) constant scaling applied on the annual scale (annual
scaling), (ii) constant scaling applied on the monthly scale (monthly
scaling), (iii) quantile scaling applied separately for each of the
twelve months, and (iv) a weather generator method applied
separately for each of the twelve months. A brief introduction to the
four methods is provided below, with more details provided in
Appendix A.
Constant scaling methods (also referred to as change factor
method, delta change method, or perturbation method) assume
that the relative changes between the future and historical climates
are reasonably projected by GCMs even if the GCMs are biased
(Fowler et al., 2007; Johnson and Sharma, 2011). Future precipitation series are constructed through multiplying the historical records by the ratio between the GCM simulations of future period
and reference period (Hay et al., 2000). It is termed constant scaling
since changes in different percentiles of precipitation magnitudes
are assumed equal. However, the change factors can be calculated
and applied on different time scales, e.g. the annual scale and the
monthly scale. In contrast, quantile scaling applies different factors
for different precipitation percentiles, usually on the daily scale.
Scaling approaches are simple and able to consider multiple GCMs
(Johnson and Sharma, 2011). For this reason, they are very
commonly adopted in water resources impact studies (Anandhi
et al., 2011). But they are unable to consider changes in the number of rain days or the sequencing of wet and dry conditions (DiazNieto and Wilby, 2005). This is a potential limitation as projections
by GCMs suggest that future climate will also see changes in the
frequency of rain days and dry spells (Polade et al., 2014).
Weather generators are stochastic models for generating daily
climate series at a given location. The statistical properties of
simulations are controlled by the weather generator's parameters
which can be viewed as a statistical encapsulation of the observed
climate (Wilks, 2010). Future climate series can be generated by
adjusting the parameters of the weather generator according to the
projections by GCMs. Parameter perturbation is based on either
changes in monthly statistics (e.g. Zhang, 2013) or daily variations
in atmospheric circulation (e.g. Kilsby et al., 2007). Wilks (2010)
provided a review of the two types of weather generator downscaling methods and concluded that they both perform well in a
wide range of application studies so that it is difﬁcult or impossible
to tell which one is better. In this study, the weather generator's
parameters, including the probability of precipitation occurrence
and the parameters of precipitation distribution function, are perturbed using the monthly-adjustment procedure, allowing changes
in both the precipitation magnitudes and the sequences of wet and
dry days.
Although other complicated statistical downscaling and

dynamic downscaling methods have the potential to provide more
realistic projections (Fowler et al., 2007; Johnson and Sharma,
2011), the above four methods have been selected for several reasons. Firstly, they have been widely used in impact studies due to
their ease of application and their ability to consider a wide range of
GCMs. Second, by manipulating historical records or generating
synthetic series of required lengths, they can provide long time
series, which are required for ecological condition assessments.
This may be particularly important if the historical record contains
periods of extended droughts, as such events are generally not well
represented by GCMs (van Oldenborgh et al., 2005; Xie et al., 2014).
In contrast, the length of time series downscaled by regression
models or dynamic downscaling methods is limited by the length
of available GCM simulations. Third, complicated statistical downscaling and dynamic downscaling methods need to be ﬁrst validated over the reference period which is a laborious process
€ m, 2016; Wood et al., 2004), and it is unclear whether the
(Ekstro
ability of a GCM to reproduce historical conditions translates into
realistic future projections (Johnson and Sharma, 2011).
The four methods adopted present increasing levels of
complexity in representing changes in climate (speciﬁcally precipitation in this study). The three scaling methods merely change
the magnitude of precipitation and the sequencing remains identical to that contained in historical records: the annual scaling
method involves adjustment by a single factor, while monthly
scaling uses a separate factor for each month; quantile scaling involves the use of a factor that varies with the magnitude of precipitation. The weather generator method considers changes in
both the precipitation amounts and the sequences of wet and dry
days, which thus reﬂects the natural variability in the streamﬂow
regime.
4. Application
The Ovens River catchment, Victoria, Australia, is used to
examine the inﬂuence of applying different downscaling techniques on the assessment of climate change impacts on ecological
conditions. The case study focuses on the river red gum forest in the
lower Ovens ﬂoodplain. We apply the four downscaling methods
presented in Section 3 and assess the ecological implications using
both time-averaged and sequence-dependent metrics (Section 2).
4.1. Study area
The Ovens River catchment is located in the south-eastern
Murray-Darling Basin (MDB) of Australia, covering an area of
7813 km2 (Fig. 1). The Ovens River joins the Murray River downstream of Peechelba. Spatial and temporal variability of precipitation is large, but winter is typically the wettest season (CSIRO,
2008).
The catchment retains many of its natural characteristics, with
signiﬁcant native vegetation and limited water use and on-stream
storage (CSIRO, 2008). While the lower catchment has been
cleared for grazing, cropping and pine plantations, over half of the
catchment is covered with native vegetation. There are two main
on-stream storages whose capacities are only 5% and 7% of their
annual inﬂows respectively. Water use in this catchment is capped,
allowing 58 GL/year of interception (farm dams and forestry
plantations) and 25 GL/year for watercourse diversions
(MurrayeDarling Basin Authority, 2010). The average annual
streamﬂow at the gauge of Peechelba (reference number 403241) is
estimated as 1775 GL (CSIRO, 2008).
A number of key environmental assets have been identiﬁed in
this catchment (MurrayeDarling Basin Authority, 2010), providing
important habitats for many species. Substantial changes in climate
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Fig. 1. Map of the Ovens catchment.

are likely to occur (CSIRO and Bureau of Meteorology, 2015), but
previous impact studies have mainly focused on water availability,
using simple hydrological indicators to provide implications for
ecological outcomes (e.g. CSIRO, 2008). As one of the last largely
unregulated rivers in the MDB, the Ovens River maintains a near
natural ﬂow regime under the current conditions (Davies et al.,
2012). Evaluation of hydrological alterations induced by climate
change affecting freshwater ecosystems in this catchment could
therefore provide valuable reference for other catchments in the
MDB.
4.2. Ecological indicators for river red gum forests
The downstream reach of the Ovens River includes areas of
nationally signiﬁcant wetlands (Environment Australia, 2001)
where river red gum forest is the dominant vegetation. In practice,
it is necessary to consider a number of ﬂow indicators to fully understand the environmental water requirements of a particular
vegetation community (MurrayeDarling Basin Authority, 2010).
However, since the aim of this paper is to evaluate the implications
of different downscaling methods rather than to undertake a condition assessment of the river red gum forest, it is considered sufﬁcient to illustrate the sensitivity to different downscaling methods
using a single representative ﬂow indicator relevant to such
assessments.
For a river red gum forest to maintain a healthy condition, it is
necessary that it be ﬂooded for a speciﬁed minimum period
(preferably in winter and spring) every one to three years (Roberts
and Marston, 2011). The magnitude of the ﬂow required to achieve
overbank ﬂooding obviously varies with location, and for the river
red gum forest located at the downstream end of this catchment,
the identiﬁed “site-speciﬁc ﬂow indicator” (SFI) is 10,000 ML/day
for a total duration of 14 days with a minimum consecutive period
of 7 days between June and May for 35.4% of years. The annual
sequences of SFI being achieved or not achieved are the basis for

both time-averaged metrics and sequence-dependent metrics.
The river red gum forest can tolerate ﬂow conditions that result
in more infrequent inundations, but under such conditions the
forest's health is likely to deteriorate (Roberts and Marston, 2011).
The forest's condition at any point in time is dependent on the
initial condition and the sequence of inundations over the period of
interest: the healthier the forest at the beginning, the greater its
tolerance to successive dry periods. Conversely, the poorer the
forest's condition at the beginning, the lower its tolerance to
missing out on subsequent inundations. This dynamic dependence
on initial state and ﬂood sequences may be represented by the
conceptual framework developed by Overton et al. (2014), as
shown in Fig. 2. This framework shows how the river red gum forest
can transition between different condition states, including both
the degradation and recovery pathways deﬁned on the basis of

Fig. 2. Conditions and transition (stress (solid lines) and recovery (dashed lines))
pathways of river red gum forest (adapted from Overton et al., 2014), where SFI is a
“site-speciﬁc ﬂow indicator” of ecological relevance.
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inundation occurrences. For example, if not inundated for three
consecutive years, a forest in good condition would deteriorate to
medium condition, while restoration from medium to good condition requires one successful inundation.
The actual health condition of the river red gum forest is represented by these sequence-dependent metrics, i.e. the condition of
the forest at any point in time is dependent on previous annual
sequences of successful and unsuccessful inundations, which are in
turn affected by precipitation patterns. This dependence cannot be
characterized by time-averaged metrics, e.g. the frequency of inundations and the intervals between them, which calculate the
statistics of particular ﬂow components over a period without
considering the inﬂuence of sequencing.
4.3. Methods and data
The case study aims to explore the impact of different downscaling techniques on the assessment of river red gum forest condition, using both time-averaged and sequence-dependent metrics.
This is done for selected climate scenarios, including a baseline
scenario and a set of future scenarios. The constructed climate series are input to a rainfall-runoff model, from which resulting
streamﬂow series are used to derive the various ﬂow indicators.
The period of 1951e2015 is used to provide a baseline for
evaluating the impact of climate change on the forest condition.
This period has been selected for several reasons, namely: (1) it
represents a period that is sufﬁciently long for the forest to transition between a range of condition states as outlined in Fig. 2, (2) it
covers several periods of extended dry conditions, and (3) it represents the period over which concurrent records of temperature,
rainfall, and streamﬂow observations are available. Historical daily
precipitation data are obtained from the Australian Water Availability Project dataset (AWAP; Jones et al., 2009) at a spatial resolution of 0.05  0.05 across the continent. Historical daily areal
potential evapotranspiration (APET) for the same grids are calculated from relevant climate variables using Morton's wet environmental areal evapotranspiration algorithms (Morton, 1983).
Future climate is estimated by comparing projections of a future
period (2040e2059) under the Representative Concentration
Pathways 4.5 emission scenario and a reference period
(1986e2005). The adopted reference period, 1986e2005, is
consistent with the work by CSIRO Bureau of Meteorology (2015),
and is also suggested by IPCC (2013). Climate series representative
of future climate are then developed for a period of equivalent
length to the baseline (1951e2015). For precipitation, simulations
on a daily time step from 13 selected GCMs are available from the
Coupled Model Intercomparison Project Phase 5 (CMIP5) multimodel ensemble. Details of the 13 GCMs are provided in
Appendix B. Future daily precipitation are derived using the four
downscaling methods, i.e. annual scaling, monthly scaling, quantile
scaling and weather generator method. For areal potential evapotranspiration (APET), monthly changes at the original GCM spatial
resolution are obtained from the Climate Change in Australia
website (CSIRO and Bureau of Meteorology), which enable the
application of the annual scaling and monthly scaling approaches
for generating APET time series for selected climate scenarios. In
water limited environments, estimates of actual evapotranspiration
in rainfall-runoff models are limited by soil-moisture rather than
atmospheric demand, thus daily ﬂuctuations in APET have little
inﬂuence on daily hydrological modelling compared with precipitation (Boughton and Chiew, 2007; Oudin et al., 2005), and it is
considered sufﬁcient to represent changes in APET by simple
monthly scaling.
A lumped conceptual daily rainfall-runoff model, SIMHYD
(Chiew et al., 2002), is used to simulate daily ﬂow series for the

selected climate scenarios. SIMHYD was calibrated against the ﬂow
records at the Wangaratta station (gauge number 403200), with
adjustments to account for the impacts of water diversion and
impoundment. These adjustments, estimated using a welldeveloped and calibrated river system model (SKM, 2013), were
generally restricted to the lowest 15% of ﬂows, which are well
below the ﬂow thresholds relevant to the inundation of the forest.
There is often a statistical bias, particularly at low values, in
precipitation series generated using weather generator models (e.g.
Wilks, 1999). The adopted procedure for deriving bias-corrected
streamﬂows representative of current and future climates using
the stochastic weather generation are shown in Fig. 3. First, parameters of the weather generator representing current climate are
determined using historical precipitation records; 50 replicates of
precipitation series are stochastically generated and are input to the
rainfall-runoff model to produce 50 replicates of streamﬂow series.
A quantile-scaling algorithm is then adopted to bias correct the
streamﬂow series. For future scenarios, the parameters of the
weather generator are perturbed to be representative of future
climate and stochastically generated 50 replicates of future precipitation series are used to derive 50 replicates of future streamﬂow series which are then bias corrected using the same quantilescaling approach that was developed for the current climate
conditions.
5. Results
The impacts of different downscaling techniques on daily precipitation distributions, and on the resulting hydrological and
ecological indicators, are presented separately below.
5.1. Precipitation scenarios
All of the four downscaling methods suggest changes in mean
annual precipitation ranging from about 11% to þ8% based on
selected GCMs. Consistent with previous literature, there is little
difference in mean annual precipitation projection derived using

Fig. 3. Procedures for deriving streamﬂows using the stochastic weather generation.
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different downscaling methods for a single GCM (e.g. Chen et al.,
2013; Johnson and Sharma, 2011). However, differences are
apparent when assessed on ﬁner time scales, as discussed in detail
below.
Comparing the results of using the annual scaling and monthly
scaling methods, the former assumes constant changes in all
months, while the latter allows for seasonal variation. With reference to one GCM as an example, the ACCESS1.0 with annual scaling
predicts changes in mean monthly precipitation in all months to
be 4.2%. In contrast, the use of the monthly scaling method suggests changes in mean monthly precipitation ranging from 27.3%
in August to þ78.7% in December. As can be seen by comparing
Fig. 4a and b, the decrease in daily precipitation in August derived
using monthly scaling method is more signiﬁcant than that implied
by the annual scaling method. Consideration of changes in seasonal
variation is important when assessing ecological impacts since
these variations will affect the wet and dry patterns of river ﬂow
within a year.
Compared with the monthly scaling method, application of the
quantile scaling method yields differences in precipitation variability at the daily scale (Johnson and Sharma, 2011). Again using
the ACCESS1.0 projections for August as an example, the quantile
scaling method yields different changes in different precipitation
percentiles (Fig. 4c). Typically, changes in 50th and 90th percentiles
are 37.5% and 33.4% respectively, whereas identical percentage
changes (27.3%) are suggested for all percentiles by the monthly
scaling method. Such differences in changes of different precipitation magnitudes will be ampliﬁed when used to derive
streamﬂow.
The weather generator method allows for changes in the
sequencing of wet and dry days as well as in the precipitation
magnitudes on wet days. Analysis of historical records in this

73

catchment shows that the unconditional probability of a wet day in
a month is positively correlated with the monthly precipitation
total, namely an increase in mean monthly precipitation total
generally means an increase in the average number of wet days and
vice versa. Changes regarding the number of wet days require adjustments to be made to the distribution of precipitation depths to
preserve the statistics of monthly values. Continuing with the ACCESS1.0 projections for August as an example, the 50 replicates of
daily precipitation derived using the weather generator are shown
as a tight group of red lines in Fig. 4 (d); the average daily precipitation on wet days is reduced by 22.1% with the reduction in
monthly total being 27.3%. It is worth noting that the group of grey
lines in Fig. 4 (d) show the weather generator replicates representative of current climate; these replicates exhibit a small degree
of bias, where the median of the replicates at the 50th percentile
precipitation depth is 0.3 mm higher than the observed.
5.2. Hydrological impacts
The differences among precipitation scenarios are usually
ampliﬁed when applied to a hydrological model (Seguí et al., 2010).
A comparison of Figs. 4 and 5 demonstrates that changes in precipitation due to the application of different downscaling methods
are disproportionally increased when translating into changes in
streamﬂow. For example, while the change in 50th percentile precipitation projected using the annual scaling method is
only 0.1 mm/day (3.9%), the corresponding change in 50th
percentile streamﬂow is 0.07  104 ML/day (14.5%). In comparison, the reduction in 50th percentile precipitation projected by
monthly scaling is 0.7 mm/day (25.5%), but the reduction in 50th
percentile streamﬂow is 1.68  104 ML/day (33.3%). While the
quantile scaling method suggests a much greater reduction in the

Fig. 4. Empirical cumulative distribution functions of daily precipitation in August projected by ACCESS1.0 using different downscaling methods.

Fig. 5. Empirical cumulative distribution functions of daily ﬂow in August projected using ACCESS1.0 outputs with different downscaling methods.
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50th percentile precipitation compared to the monthly scaling
method (see Section 5.1), the difference in the 50th percentile ﬂow
is rather less (1.68  104 ML/day (33.3%) by monthly scaling
and 1.76  104 ML/day (34.9%) by quantile scaling) due to the
differential changes in other precipitation percentiles. The nature of
these differences is consistent with observations made by
Mpelasoka and Chiew (2009), who pointed out that the quantile
scaling method yielded different changes in extreme and annual
runoff due to its ability to take account of the distinctive changes in
extreme daily rainfalls which generate signiﬁcant runoff. Use of the
weather generator has the additional beneﬁt of being able to
consider different temporal sequencing associated with natural
variability in the occurrence of wet days. This provides a more
realistic assessment of the impact of climate change on ecological
indicators as a change in the number of wet days can have an
appreciable impact on streamﬂows. Some indication of these differences is evident in the increased spread of the cumulative distributions of streamﬂows (Fig. 5d) compared to precipitations
(Fig. 4d). The manner in which such changes may inﬂuence the
assessment of ecological condition is discussed in the following
section.
Fig. 6 illustrates the ﬂow duration curves simulated with climate
projections from the 13 selected GCMs downscaled by the four
downscaling methods. Given our focus on high ﬂows for ecologically beneﬁcial ﬂoodplain inundation, only the top 10% of ﬂows are
presented. In general, selection of GCMs has a larger inﬂuence on
estimating high ﬂow exceedances than the choice of downscaling
methods. However, the differences resulting from application of
different downscaling techniques increase with ﬂow magnitude.
For example, as shown in Fig. 6, ﬂows exceeded 10% of the time
predicted with the annual scaling method range from 0.51  104 to
0.94  104 ML/day (34.2/þ21.3% compared with current), while

those predicted by using the quantile scaling method range from
0.52  104 to 1.04  104 ML/day (33.0%/þ34.9% compared with
current). In contrast, higher ﬂows exceeded 2% of the time range
from 0.98  104 to 2.12  104 ML/day (42.1%/þ25.9%) when using
the annual scaling method, but from 1.05  104 to 2.65  104 ML/
day (37.6%/þ57.5%) when using the quantile scaling method. With
50 replicates generated for each of the thirteen GCMs, the weather
generator method generally gives the largest range for each ﬂow
percentile.
5.3. Ecological impacts
Changes in time-averaged and sequence-dependent metrics
indicating ecological outcomes are given below.
5.3.1. Time-averaged metrics
Fig. 7 presents the percentage of years that the identiﬁed “sitespeciﬁc ﬂow indicator” (SFI), which is 10,000 ML/day for a total
duration of 14 days with a minimum consecutive period of 7 days
between June and May, is achieved over the modelling period from
1951 to 2015 under different climate scenarios. Under climate
change, only one GCM (CanESM2) projects an increase in the frequency of SFI events regardless of which downscaling method is
used (and this include all of the replicates provided by the weather
generator method), while a decreased frequency is predicted by
most other scenarios. In general, the range of impacts arising from
the choice among the four downscaling methods on time-averaged
metrics is less than that from the choice of GCMs, but the differences are still appreciable. For example, the difference across GCMs
in the percentage of years that SFI is achieved when applying the
annual scaling method varies from a minimum of 7.7% (for the
HadGEM2-ES model) to a maximum of 43.1% (for the CanESM2

Fig. 6. Flow duration curves estimated using different GCM projections and downscaling methods. Thin lines represent results from different GCMs, where information on the
GCMs are provided in Appendix B.
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Fig. 7. Frequency of SFI events over the modelling period 1951e2015. Whisker boxes show from top to bottom the maximum, 75th percentile, 50th percentile, 25th percentile and
minimum of the results of the 50 replicates obtained from the weather generator.

model), a range of 35.4%. By comparison, with the CanESM2 model,
the choice of downscaling method indicates that the percentage of
years that SFI is achieved varies from 43.1% using the annual scaling
method to 60.0% using the monthly scaling method, with the 50
replicates from the weather generator method range from 40.0% to
66.2%. Typically, the choice of a GCM determines whether the frequency is higher or lower than that under the current scenario,
while the choice of downscaling methods affects to what extent the
condition is better or worse off. However, there is no clear consistency in the nature of the differences arising from the application of
different downscaling methods, i.e. there is no rule which downscaling method provides the most conservative projections. Use of
the weather generator does, however, make it clear that the impacts of climate change on the variability of ﬂow conditions yield
changes that lie outside the range expected under current climatic
conditions, that is, the ecosystem will need to cope with changes in
ﬂow regime that lie outside the natural conditions to which it has
adapted. This is evident from the fact that the distribution of outcomes associated with each individual GCM (purple box plots in
Fig. 7) largely does not overlap the distribution of outcomes expected under current climate.
For ecosystems, the intervals between SFI events are as important as their occurrences, as the length of the interval determines
the likely ecological condition of the asset prior to a watering event,
and hence the beneﬁts that can be derived from a given ﬂow event

(as shown in Fig. 2). The intervals projected by different GCMs and
downscaling methods are shown in Fig. 8. There is larger variation
in the length of intervals (Fig. 8) than was seen when looking at the
frequency of SFI achievements (Fig. 7). The majority of the differences are due to the choice of a GCM, but in some cases, the choice
of downscaling methods has a similar degree of inﬂuence. For
example, the 50th percentile interval between SFI achievements
obtained using the 13 GCMs downscaled with quantile scaling
ranges from 1 to 7 years, while the results obtained using
HadGEM2-ES downscaled with the four methods ranges from 4.5 to
11 years. Conversely, quite similar results are obtained using the
four downscaling methods for IPSL-CM5B-LR. Again, there is no
clear consistency in the nature of the differences arising from the
applications of different downscaling methods, but as with the
previous example, it is again seen that the weather generator results indicate changes to the ﬂow regime that lie outside what may
be expected under current climatic conditions.
To understand the overall impact on ecological outcomes it is
necessary to consider both the frequency of occurrence (Fig. 7) and
the distribution of intervals (Fig. 8). Generally, shorter intervals
occur with higher frequency and indicate better conditions. But this
is not always the case. One such example may be seen by
comparing the quantile scaling and the weather generator methods
to the BCC-CSM1.1 GCM. From Fig. 7 it is seen that the percentage of
years that the SFI is achieved when using the quantile scaling

Fig. 8. Intervals between the years that the SFI is achieved. The boxes of the weather generator method show from top to bottom the 75th percentile, 50th percentile and 25th
percentile of the 50 replicates for each of the 50th and 90th percentile intervals.
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method is 30.8%, and the 25th e 75th percentile range of the 50
stochastic replicates covers a range from 29.2% to 33.8%. However
Fig. 8 shows that the corresponding impacts on the intervals between SFI events are appreciably different, where the 90th percentile interval for the quantile scaling method is 5 years, and 25th e
75th range around the 90th percentile obtained from the 50 replicates is 5.3e8.2 years. These differences in the predicted frequencies and interval distributions are originally related to the
alterations in the sequencing of years when the SFI is achieved or
not, which is also reﬂected in the assessment of ecological conditions, as described in the following section.

5.3.2. Sequence-dependent metrics
By assuming that the river red gum forest is in “medium” condition at the start of the modelling period, the condition in each
year is determined according to the transition pathways shown in
Fig. 2. Across different GCMs, there are evident differences in the
number of years in which the forest is assessed as being in “good”
or “critical” condition. “Medium”, “intermediate” and “poor” conditions are transitional states and variations in these assessments
are relatively small (refer to Figure C1 in Appendix C). Fig. 9 shows
the differences in the proportion of time in which the forest is
assessed as being in “good” and “critical” conditions, as obtained
from applying the four downscaling methods to each GCM. For the
majority of the GCMs, the range of results across the annual scaling,
monthly scaling and quantile scaling methods (the grey bars for
different GCMs in Fig. 9a) based on the time in “good” condition is
less than 20%. There are however three GCMs (BCC-CSM1.1, BCCCSM1.1(m) and NorESM1-M) where the variation in results
ranges around 40%. When the weather generator method is used, a
wider range of results across the replicates can be seen, which reﬂects the impact of natural variability on the sequences under
changed climatic conditions. For some GCMs (e.g. BCC-CSM1.1 and
CanESM2), the 25th e 75th percentile box of the 50 replicates lies
within the range of the three scaling methods. But there are also a
number of GCMs (e.g. GFDL-CM3 and MRI-CGCM3) where the 25th
e 75th percentile box and the range of the three scaling methods
hardly overlap. The results based on the time in “critical” condition
are not dissimilar, with a number of GCMs showing signiﬁcant
variation in results across the three scaling methods (e.g. BCCCSM1.1(m), results vary between 12.3% and 66.2%). When using
the weather generator method, wider ranges and various results
can be seen, though e in contrast to the time-averaged metrics

shown in Figs. 7 and 8 e it is seen that there is greater overlap in the
range of outcomes between some GCMs and current conditions.
While the variation in results across GCMs is evident, Fig. 9 (and
Figure C1 in Appendix C) demonstrates that the variation due to the
choice of downscaling methods is also substantial and of a similar
magnitude to the variation due to the choice of GCMs.
To better understand what is driving these variations in the
results across GCMs and downscaling methods, Fig. 10 provides an
example of the timeline of condition states assessed under different
climate scenarios based on both GCM and downscaling method
selections. The star symbol marks the occurrence of an SFI event,
noting that with the right timing, these can trigger transitions between different condition states (as illustrated in Fig. 2). Under the
current scenario, the forest's condition varies between “good” and
“medium” before the 2000s due to frequent achievements of the
SFI, but then gradually deteriorates to “critical” during the 2000s.
Under the future scenarios, it is seen that changes in the sequencing
of SFI events leads to signiﬁcant alterations in the condition
timeline.
For a given GCM, the impact of downscaling techniques on the
frequency and timing of SFI events e and hence on ecological
outcomes e can be appreciable (Fig. 10). When the sequence of wet
and dry years remains unchanged (as assumed by the annual
scaling, monthly scaling and quantile scaling methods), the timing
of SFI events missed or added can be of signiﬁcant importance to
ecological outcomes. Taking the results of ACCESS1.0 with annual
scaling and quantile scaling as an example, although the sequences
of SFI events are identical during the 1960se1980s, a single SFI
event missed in 1958 when using the quantile scaling method
causes the forest's condition to deteriorate to “poor” and “critical”
much earlier than when the annual scaling method is used. However, when the sequencing of wet and dry years are also allowed to
vary (as considered by the weather generator method), there is
greater variability in the ecological outcomes. For example, Fig. 10d
shows the results for a weather generator replicate that has the
same number of SFI events as obtained from the quantile scaling
method (Fig. 10c), whereas the difference in timing suggests
appreciably different ecological outcomes. In contrast, Fig. 10e
shows a weather generator replicate with fewer SFI events but
better ecological outcomes. It should be stated that results of the
weather generator method shown in Fig. 10 merely highlight the
impact of hydrological sequences on ecological outcomes; the value
of considering multiple replicates is not in the analysis of any single

Fig. 9. Assessments of the proportion of time the forest is in “good” and “critical” condition. The grey bar for each GCM presents the range of results obtained from the annual
scaling, monthly scaling and quantile scaling methods. Whisker boxes show from top to bottom the maximum, 75th percentile, 50th percentile, 25th percentile and minimum of the
50 replicates provided by the weather generator method. The range of results obtained by the four different downscaling methods for all GCMs are shown at the right hand side of
each plot, where the weather generator method is represented by the median of the 50 replicates obtained for each GCM.
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Fig. 10. Variation in condition states over the modelling period for selected GCMs and downscaling methods. The number in the bracket following “WG method” indicate the
replicate member.

replicate, but rather in the analysis of the degree of change
compared to the range of the outcomes under natural variability, as
shown in Figs. 7e9.
While it is clear that the choice of GCMs has a marked inﬂuence
on the assessment of the impact of climate change on ecological
outcomes, Fig. 10 highlights the additional uncertainty introduced
by the choice of downscaling method. For example, when the
annual scaling method is used, assessments based on ACCESS1.0
and GFDL-CM3 are the same (Fig. 10b and f), which means the selection of ACCESS1.0 or GFDL-CM3 does not affect the assessment of
ecological conditions; but when the quantile scaling is applied, the
selection of ACCESS1.0 or GFDL-CM3 has substantial impacts on the
sequencing of SFI events and hence the forest's conditions (Fig. 10c
and g).
It is also evident from Fig. 10 how the adoption of sequencedependent metrics yields different implications from the assessment of time-averaged metrics given in Section 5.3.1. Small differences in either the frequency or timing of SFI events can lead to
appreciable differences in the assessment of ecological conditions.
With reference to the results of ACCESS1.0 with annual scaling and
quantile scaling methods, while the differences in the frequency of
SFI events and interval statistics are small (Figs. 7 and 8), the differences in the assessment of condition states are substantial
(Figure C1 and Fig. 10); that is, if the quantile scaling method is used
instead of the annual scaling method, the period of being in “critical” condition is predicted to be twice as long.
6. Discussion and conclusions
This paper investigates the relative importance of downscaling
methods in the assessment of instream ecological outcomes. Four
statistical downscaling methods were applied to a real catchment
to assess the impact of climate change induced hydrological alterations on river red gum forest's condition, based on both timeaveraged and sequence-dependent ecological metrics.
The results from the case study show, consistent with previous

publications (e.g. Chen et al., 2011b; Mpelasoka and Chiew, 2009),
that there is little variation in the changes in mean annual precipitation derived using different downscaling methods. However,
there are differences in the estimates of changes on daily, seasonal
and inter-annual timescales from the application of different
downscaling methods, and the differences are translated disproportionally into the variations in hydrological simulations. For
extreme high ﬂows, application of different downscaling methods
could nearly double the range of the results across different GCMs.
Comparing the inﬂuences of selecting different GCMs and adopting
different downscaling methods on the assessment of ecological
condition, it is found that the choice of GCM is the largest source of
uncertainty in the results, but the choice of downscaling is also an
appreciable source of uncertainty (refer to Section 5.3).
There is a signiﬁcant body of literature discussing the appropriate indicators for hydrological impacts on instream environment
(Anderson et al., 2006; Poff et al., 2010; Poff and Zimmerman,
2010). This study examined both time-averaged and sequencedependent ecological metrics, i.e. those purely based on statistics
of ﬂow events over an extended period, and those which consider
the impacts of the sequencing of ﬂow events. Statistics of the
annual achievements of a site-speciﬁc ﬂow indicator (SFI)
describing the ﬂow magnitude, duration and timing of ﬂooding
required to maintain the river red gum forest in healthy condition is
used as a set of time-averaged metrics. The results show that under
climate change, the majority of GCMs predict a decrease in the
frequency of SFI events, with only one out of thirteen GCMs indicating an increase in frequency. The choice of downscaling methods
has a lesser, but still appreciable, inﬂuence on the results; however,
there is no clear consistency in the nature of the differences arising
from the choice of downscaling methods. Figs. 7 and 8 illustrate
that the choice of downscaling method impacts on both the interval
between SFI events and their frequency of occurrence, and hence
this leads to differences in assessed ecological outcomes (Fig. 10).
Sequence-dependent metrics, based on conceptual models
showing how the condition of an ecological endpoint changes
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through time in response to a ﬂow sequence, are designed to
incorporate some of the complexity of ecosystems and the inﬂuence of the sequencing of ﬂow events (Overton et al., 2014). The
results for the Ovens catchment show that climate change will lead
to a signiﬁcant increase in the number of years that river red gum
forest is in critical condition. When using sequence-dependent
metrics, the choice of downscaling methods is shown to introduce a similar level of uncertainty as the choice of GCMs, though
when time-averaged metrics are assessed, the choice of GCMs has a
larger inﬂuence on the results. As discussed in Section 5.3.2, these
more complex ecological metrics consider the frequency and
timing of SFI achievements, so that small changes in the sequencing
of these events can lead to appreciable changes in ecological conditions in the longer term.
There are a number of aspects that were not considered within
this study. Firstly, among the various categories of downscaling
methods, dynamic downscaling and other sophisticated statistical
downscaling methods such as regression models were not evaluated. These methods have been widely used in hydrological studies
but applications in other areas are relatively limited due to the high
requirement of computation or data. Secondly, this study focused
on the uncertainty from the choice of downscaling techniques and
therefore, only one greenhouse gas emission scenario has been
considered. GCM simulations are driven by emission scenarios,
which also have been demonstrated to introduce uncertainty into
impact assessments (e.g. Thompson et al., 2014). Thirdly, it is
assumed that the hydrological model parameters calibrated to
historical records are still valid under a changing climate, which
may be inappropriate. In the future, more research is needed on
evaluating different categories of downscaling methods in assessing ecological outcomes with adoption of appropriate hydrological
models and ecological indicators. Finally, it was assumed that the
deﬁned SFI was accurate as determined through previous studies.
There are uncertainties associated with the ecological relevance of
low and high ﬂow events and these have not been examined. In
reality, these SFIs may not all act as thresholds, but rather, there
may still be marginal beneﬁt from providing ﬂows slightly below
the threshold (Horne et al., accepted).
This paper has shown the inﬂuence of downscaling methods
when assessing instream ecological outcomes under climate
change. Annual scaling and monthly scaling have been very popular
in water resources impact studies due to their simplicity and speed
of use. Where the ecological metrics selected are based on seasonal
ﬂow statistics and are independent of antecedent ﬂow and
ecological conditions, these approaches may still be suitable. But
where daily scale information is important (e.g. where ﬂuctuations
in daily ﬂow behavior inﬂuence ecological health and function),
more complicated downscaling techniques such as the quantile
scaling and the weather generator method should also be considered. The selection of downscaling methods becomes more
important if the frequency of occurrence and intervals between
events are included within the metrics. While the median result
obtained by the weather generator method is directly comparable
to the results obtained from the deterministic downscaling procedures, it has the added beneﬁt of being able to capture the inﬂuence of changes to the ﬂow regime that result from expected
shifts in the seasonal frequency of rain days under a warmer
climate, which can have important implications for environmental
condition. That is, the method is able to provide insights about the
extent to which conditions in a warmer world might lie outside the
range of conditions that could be expected under the current
climate. This is particularly the case for sequence-dependent metrics where the sequencing of ﬂow events is essential. In these cases,
scaling methods may underestimate the impact of climate change,
as they are unable to consider changes in precipitation frequency or

sequences of wet and dry days. This paper does not provide
guidelines for choosing downscaling methods, but rather, it demonstrates the importance of selecting an appropriate downscaling
method and considering the associated uncertainty when investigating the impact of climate change on water resources management concerning river health outcomes.
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Appendices
A. Downscaling methods used in this study
A.1. Annual scaling
The annual scaling method involves multiplication of the daily
values by a ﬁxed factor, which is obtained by comparing the annual
means of simulations for future period and reference period (Eq.
(A.1)).
fut

Py;m;d ¼

aP GCM;fut
aP GCM;his

Obs; his
Py;m;d

(A.1)

where subscript fut represents future conditions, and his represents
historical conditions; y stands for a speciﬁc year, m for month, and d
for day; aP is for annual precipitation simulated by GCMs.
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A.2. Monthly scaling
Monthly scaling applies the constant factor on the monthly scale
(Eq. (A.2)). Precipitation ratios are calculated for each month
separately so that variations of changes in magnitude in different
months can be incorporated, but the sequence of rain days and the
changes in magnitude relative to the mean remain unchanged.
fut
Py;m;d
¼

GCM; fut
mPm
GCM; his
mPm

Obs; his
Py;m;d

(A.2)

Where mP is the monthly precipitation simulated by GCMs, and
other variables are as deﬁned above.
A.3. Quantile scaling
Quantile scaling, or daily scaling, adjusts daily observations with
different factors dependent on precipitation magnitude (Eq. (A.3)).
A single set of quantile-adjustment factors can be applied yearround, or else they can be applied on a seasonal or monthly basis.
Generally, there are four steps. First, empirical cumulative distribution functions (ECDFs) for GCM simulations of the future and
reference periods are estimated. Second, the ECDFs are divided into
several bins (i.e. range of exceedance percentiles) and a change
factor is calculated for each bin. Third, the ECDF for historical records is estimated and divided into the same set of percentile exceedance bins. Finally, the historical precipitation is multiplied by
the change factor relevant to its given exceedance percentile. In this
study, the ECDFs are divided into 100 bins of equally spaced exceedance percentiles and change factors are calculated for each
month separately. With this approach, the precipitation magnitude
of wet days is factored variably according to the magnitude and
month of occurrence, but the sequence of rain days remains
unchanged.
fut;q

Py;m;d ¼

GCM; fut;q
dPm

Obs; his;q
P
GCM; his;q y;m;d

dPm

(A.3)

where dP is the daily precipitation for wet days simulated by GCMs
and q is the exceedance percentile.
A.4. Weather generator based method
The weather generator used is WeaGETS (Chen et al., 2012,
2010), which is a versatile stochastic daily weather generator.
Other weather generators can also be used (e.g. Wang and Nathan,
2007), but this model was selected because the source code was
easily accessible and conﬁgured in Matlab to suit the other
modelling steps involved. The WeaGETS model as originally
formatted was applied to climate variables aggregated over fortnightly periods. It provides three models for generating the
occurrence of precipitation (ﬁrst, second and third-order Markov
chain models), four distributions to generate rainfall depths (oneparameter exponential distribution, two-parameter gamma distribution, three-parameter skewed normal Pearson III distribution,
and three-parameter mixed exponential distribution) and two
schemes (conditional or unconditional) to simulate maximum and
minimum temperatures. It also provides an option to correct the
variability of low-frequency events.
In this study only the function to generate precipitation series is
used, and the model was adapted to vary model parameters by
individual months (rather than fortnightly periods). When
employed as a downscaling tool, the ﬁrst order-Markov chain is
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usually more practical since it only has two parameters (Chen et al.,
2012). In a ﬁrst-order Markov chain, the probability of wet or dry
depends on the status of the previous day. The dependence is
characterized by two transition probabilities p01 and p11 , which
represent a wet day following a dry day, and a wet day following a
wet day respectively. Precipitation magnitude is estimated using
the two-parameter gamma distribution, whose probability density
function is given in Eq. (A.4):

f ðxÞ ¼

a1

ðx=bÞ

exp½x=b

bGðaÞ

(A.4)

The four parameters fp01 ; p11 ; a; bg are ﬁt to historical records
for each of the twelve months separately. The parameters are then
modiﬁed to reﬂect conditions relevant to the adopted climate
scenario, as simulated by the GCM models. The key steps involved
in perturbing the parameters are outlined below, and further details may be found in Wilks (1999) and Zhang (2013).
The two conditional probabilities p01 and p11 , and the unconditional probability of precipitation occurrence p have been found
to provide good linear correlations with mean monthly precipitation (Zhang, 2013). Linear relationships for the three correlation
parameters (p01, p11 and p) can be developed using historical records, and the two parameters with the highest explained variance
are adjusted to represent future conditions using the ﬁtted linear
regression equations. The remaining correlation parameter is estimated by re-arranging Eq. (A.5) as required:

p¼

p01
1 þ p01  p11

(A.5)

The two parameters of the gamma distribution can be expressed
in terms of the mean m and variance s2 of non-zero daily precipitation amounts (Eq. (A.6) and Eq. (A.7)). Furthermore, m and s2 can
be estimated using the adjusted monthly mean, monthly variance,
unconditional probability of daily precipitation occurrence, and
lag-1 autocorrelation of daily precipitation, from Eq. (A.8) and Eq.
(A.9):

a¼

m2
s2

(A.6)

b¼

s2
m

(A.7)

m¼

Pm
Nm p

(A.8)

s2 ¼

s2m

Nm p



ð1  pÞð1 þ rÞ 2
m
1r

(A.9)

where Pm is the adjusted mean monthly precipitation, Nm is the
number of days in the month, s2m is the simulated monthly variance. The lag-1 autocorrelation of daily precipitation r can be
estimated using Eq. (A.10).

r ¼ p11  p01

(A.10)

The adjusted parameters are input to WeaGETS to generate an
ensemble of realizations that are consistent with future climate.
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B. List of GCMs used in this study

Table B.1
GCMs projections used in this study.
Model Name

Modelling Centre (or Group)

Resolution
( latitude   longitude)

Ensemble used in
this study

ACCESS1.0

Commonwealth Scientiﬁc and Industrial Research Organization/Bureau of
Meteorology, Australia
Beijing Climate Centre, China
Beijing Climate Centre, China
Canadian Centre for Climate Modelling and Analysis, Canada
National Centre for Atmospheric Research, USA
National Centre for Atmospheric Research, USA
Geophysical Fluid Dynamics Laboratory, USA
Geophysical Fluid Dynamics Laboratory, USA
Met Ofﬁce Hadley Centre, UK
Institute Pierre Simon Laplace, France
Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science
and Technology, Japan
Meteorological Research Institute, Japan
Bjerknes Centre for Climate Research, Norwegian Meteorological Institute, Norway

1.25  1.875

r1i1p1

2.7906  2.8125
1.1215  1.125
2.7906  2.8125
0.9424  1.25
0.9424  1.25
2  2.5
2.0225  2.5
1.25  1.875
3.75  1.8947
1.4008  1.4063

r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1
r1i1p1

1.1215  1.125
1.8947  2.5

r1i1p1
r1i1p1

BCC-CSM1.1
BCC-CSM1.1(m)
CanESM2
CCSM4
CESM1(BGC)
GFDL-CM3
GFDL-ESM2M
HadGEM2-ES
IPSL-CM5B-LR
MIROC5

MRI-CGCM3
NorESM1-M

C. Time in each condition state assessed by the three scaling
methods

Fig. C.1. Percentage of years in each condition state. For each GCM group, from left to right: annual scaling, monthly scaling, and quantile scaling methods.
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