Clim Dyn (2018) 51:639–666
DOI 10.1007/s00382-017-3946-9

Australian snowpack in the NARCliM ensemble: evaluation, bias
correction and future projections
Alejandro Di Luca1

· Jason P. Evans1 · Fei Ji2

Received: 27 February 2017 / Accepted: 2 October 2017 / Published online: 19 October 2017
© Springer-Verlag GmbH Germany 2017

Abstract In this study we evaluate the ability of an ensemble of high-resolution Regional Climate Model simulations
to represent snow cover characteristics over the Australian
Alps and go on to asses future projections of snowpack characteristics. Our results show that the ensemble presents a
cold temperature bias and overestimates total precipitation
leading to a general overestimation of the snow cover as
compared with MODIS satellite data. We then produce a
new set of snowpack characteristics by running a temperature based snow melt/accumulation model forced by bias
corrected temperature and precipitation fields. While some
positive snow cover biases remain, the bias corrected (BC)
dataset show large improvements regarding the simulation
of total amounts, seasonality and spatial distribution of the
snow cover compared with MODIS products. Both the raw
and BC datasets are then used to assess future changes in
the snowpack characteristics. Both datasets show robust
increases in near-surface temperatures and decreases in
snowfall that lead to a substantial reduction of the snowpack over the Australian Alps. The snowpack decreases by
about 15 and 60% by 2030 and 2070 respectively. While
the BC data introduce large differences in the simulation
of the present climate snowpack, in relative terms future
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changes appear to be similar to those obtained using the raw
data. Future temperature projections show a clear dependence with elevation through the snow-albedo feedback effect
that affects snowpack projections. Uncertainties in future
projections of the snowpack are large in both datasets and
are mainly dominated by the choice of the lateral boundary
conditions.
Keywords Snowfall · Snow cover · Climate change ·
Mountains · High resolution

1 Introduction
The Australian alpine region is a unique climate zone as it
is the only region in mainland Australia that supports seasonal snow fields. The Australian Alps are located in southeastern Australia and they include parts of eastern Victoria,
southeastern New South Wales, and the Australian Capital
Territory. It is the highest mountain range in Australia with
elevations exceeding 2000 m.
The Australian Alps contain seasonal snow fields that are
important across a number of sectors. From an economic
perspective, this region is at the heart of the “Snowy Mountains Scheme”. This scheme produces hydroelectric energy
through sixteen major dams and nine power stations. It also
collects and diverts water from snow melt inland into the
Murray and Murrumbidgee Rivers for irrigation. As such,
it has a significant role in securing the availability of water
within the Murray–Darling Basin, one of the most important
agricultural regions in Australia. Besides their importance in
energy production and irrigation, the Snowy Mountains are
home to a number of well developed ski resorts and snowrelated tourism during the winter season.
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From an ecological perspective, the region contains
unique Australian ecosystems. The vulnerability to climate
change of Australia’s alpine fauna is considered to be high
(Hughes 2003). Animals such as the mountain pygmy-possum may see a complete disappearance of their bioclimatic
range with a temperature rise of only 1 ◦C accompanied
by a 5% reduction in winter precipitation (Brereton et al.
1995). A number of unique alpine vegetation communities
are also likely to experience distribution changes (Pickering
and Armstrong 2003).
Due to their latitudinal location and relatively low elevations, the Australian Alps snow fields are particularly vulnerable to changes in the climate. Winter mean air temperatures
over the Australian Alps fall within the − 5 to 5 ◦C range
that was identified by Brown and Mote (2009) to characterise zones with the largest sensitivity to global warming.
As argued by Thompson (2016), “the [Australian Alps] are
likely to be amongst the first alpine areas in the Southern
Hemisphere where the effects of climatic change will be
observed”. Indeed, a number of studies have shown that
some of these changes are already being observed. Table 1
shows reported observed trends for several snowpack characteristics over the Australian Alps. Results were derived from
a number of sites in the Australian Alps (Nicholls 2005;
Hennessy et al. 2008; Davis 2013; Fiddes et al. 2015) and
using satellite remote sensing measurements (Bormann et al.
2012a; Thompson 2016). While most of these trends appear
Table 1  Observed trends of
various characteristics of the
snowpack over the Australian
Alps as reported in different
studies

to be statistically insignificant, they all show a consistent
decrease in snowpack characteristics (e.g., snow depth and
snow cover extent) suggesting that changes might be physically significant and it is just a matter of time for the trends
to be statistically significant.
A number of studies investigated the impact of future
climate changes on snowfall and snowpack over the Australian Alps (Whetton et al. 1996; Hennessy et al. 2008;
Fiddes et al. 2015; Timbal et al. 2016). All of these studies
project large decreases in snowfall and snowpack into the
future (consistent with current trends) with the snow season
becoming shorter and encompassing smaller areas. These
decreases are largely driven by future temperature increases
(Whetton et al. 1996; Timbal et al. 2016) due to the combined effect of less precipitation falling as snow and higher
rates of melting/sublimation. While snowfall and snowpack
projections show clear decreasing trends, regional uncertainties are still very large mainly due to uncertainties in
future temperature changes related with the choice of future
emission scenarios and the specific Global climate model
(GCM).
An important limitation of most of these studies is that
snowpack projections were produced using future climate
changes from GCMs despite GCMs having virtually no representation of the Australian alpine region. A large number of studies have shown the advantages of increasing the
horizontal resolution of climate models in order to improve

Study

Period

Observation

Snowpack characteristic

Trend (per decade)

Nicholls (2005)

1962–2002

In situ (1)

Hennessy et al. (2008)

1957–2002

In situ (4)

Davis (2013)
Fiddes et al. (2015)

1957–2010
1988–2013

In situ (1)
In situ (3)

Bormann et al. (2012b)

2000–2010

Satellite
MOD-MADI

Thompson (2016)

2000–2014

Satellite
MODIS-Th

Max. SD
Spring SD
Max. SD
Spring SD
Max. SD
Max. SD
Snowfall
Mean SC extent
Max. SC extent
Mean SC duration
Mean SC onset
Mean SC melt
Mean SC area
Max. SC area
Mean SC duration
Mean SC onset
Mean SC melt

Decreasing (weak)
Decreasing (strong)
Decreasing (weak)
Decreasing (moderate)
Decreasing (weak)
Decreasing (15%)
Decreasing (9%)
Decreasing (35%)
Decreasing (50%)
Decreasing (14 days)
Increasing (2 days)
Decreasing (12 days)
Decreasing (13%)
Decreasing (10%)
Decreasing (10 days)
Increasing (3 days)
Decreasing (7 days)

For in situ observations, the number of stations is denoted in parenthesis. Trend calculations for both
MODIS products were performed by the authors using the areal mean over the common MODIS-Th
region. When given in percentage, trends denote the change in a decade normalized by the average over the
period as specified in the second column. SC denotes snow cover and SD snow depth. As later described in
Sect. 2, MOD-MADI and MODIS-Th datasets were developed by Bormann et al. (2012b) and Thompson
(2016) respectively
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the simulation of the climate in areas characterised by complex topography (e.g., Prömmel and Geyer 2010; Feser et al.
2011; Di Luca et al. 2013; Prein et al. 2015; Giorgi et al.
2016). Recently, Di Luca et al. (2016) assessed the value
added by an ensemble of regional climate model (RCM)
simulations (10 and 50-km resolutions) compared with their
global driving data (about 250-km resolution) over southeast
Australia. They showed that RCMs generally outperform
the driving data, particularly over areas with complex terrain and for temperature variables. As such, given the strong
dependence of the snowpack with temperature and precipitation fields through elevation changes (e.g., Giorgi et al.
1997; Kotlarski et al. 2012; Steger et al. 2013; Frei et al.
2017), substantial benefits are expected from an increase in
horizontal resolution.
The use of high-resolution simulations is not only important to well simulate the snowpack climatology but also their
plausible future changes. The future of the snowpack critically depend on future temperature changes that are strongly
influenced by the snow-albedo feedback (SAF), an effect that
enhances the warming through changes in the albedo of the
snow-affected regions (Sellers 1969; Robock 1983; Qu and
Hall 2007). The only way to explicitly represent the SAF
effect is through the use atmosphere-land surface coupled
models that have high enough horizontal resolution to well
represent the snowpack of the region of interest.
A number of studies have assessed snowpack future
changes using one-way nested, limited-area RCMs (Giorgi
et al. 1997; Kotlarski et al. 2012; Steger et al. 2013; Frei
et al. 2017). Steger et al. (2013) evaluated the ability of an
ensemble of 18 RCM simulations to represent the snowpack
over the European Alps and assessed future projections over
the 21st century. They found future changes in the snowpack
to depend strongly on the elevation with larger reductions
over lower elevations attaining values of − 70% by the end
of the century. They also found a general shortening of the
snow-season duration related to both a later start but mainly
an earlier melt of the snowpack. In a recent article, Frei et al.
(2017) evaluated the representation of the snowfall over the
European Alps using an ensemble of 14 RCM simulations.
They showed that simulations were able to well simulate
seasonal and spatial variations of the snowfall although they
also showed significant positive biases especially at high
elevations. To remove theses biases, they corrected simulated snowfall by independently correcting temperature and
precipitation fields. The comparison of the climate change
signal obtained from the raw and bias corrected snowfall
revealed no substantial differences for the multimodel mean
relative changes at different elevations.
The aims of this paper are threefold: first, to evaluate
the skill of an ensemble of high-resolution regional climate model (RCM) simulations to represent the seasonally
varying snow cover and other related fields such as total
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precipitation and temperature. Second, to assess future
changes in the snowpack as simulated by the ensemble.
Third, to quantify the impact of using bias-corrected temperature and precipitation fields to force a snow melt/accumulation model that simulates snow depths for present and future
periods. The analysis uses data from the New South Wales
(NSW) and Australian Capital Territory (ACT) Regional
Climate Modelling (NARCliM) RCM ensemble (Evans
et al. 2014) which is the largest climate model ensemble
performed at high resolution (10 km grid spacing) over
southeast Australia.
The paper is organised as follows. The next section
describes the observations and the NARCliM RCM simulations. Section 3 introduces the region of analysis and seasonal descriptors use to characterise the snowpack while
Sect. 4 includes a description of the various steps needed
to produce a bias corrected version of the original NARCliM ensemble. Section 5 briefly discuss the observed climatology and recent trends of snowpack characteristics and
related variables using satellite and gridded observations.
Section 6 evaluates the NARCliM modelled results for the
present period while Sect. 7 presents future projections of
the snowpack and related variables. Section 8 quantifies and
discusses the sources of uncertainties in the future snowpack
projections. Lastly, concluding remarks are given in Sect. 9.

2 Data
2.1 Temperature and precipitation observed gridded
data
Daily gridded data from the Australian Water Availability
Project (AWAP; Jones et al. 2009) are used in this study
as the reference dataset for precipitation and temperature
variables. AWAP is a product developed by the Australian
Bureau of Meteorology (BOM) consisting of daily gridded
datasets of in situ measurements of minimum and maximum
2-m temperatures and precipitation. It was constructed using
an anomaly-based approach to interpolate information from
meteorological stations onto a 0.05º regular grid where the
number of stations varies through time although with relatively good coverage in the recent period. While the AWAP
dataset has been shown to be consistent with a number of
high-quality station observations across Australia (King
et al. 2013), some systematic errors have been identified
over the Australian Alps. Chubb et al. (2015) found that
the AWAP product likely underestimates total precipitation by up to 50% over the western slopes of the Australian
Alps. These discrepancies are due to both a low density of
BOM stations over the alpine region (and a heterogeneous
spatial distribution) and to difficulties of measuring frozen
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precipitation using the standard BOM precipitation gauge
types, leading to significant undercatch.
2.2 MODIS snow‑cover satellite data
This study characterises recent past snow-cover using two
satellite products. While both products are derived using the
Moderate resolution Imaging Spectroradiometer (MODIS)
data, they use different algorithms to detect snow and to
discriminate between snow and clouds leading to significant
differences in the spatio/temporal variability of snow cover.
2.2.1 MOD‑MADI dataset
The first product is here denoted as the MOD-MADI seasonal snow cover dataset and it was developed by Bormann
et al. (2012a). This product uses the MODIS level-1B calibrated and geolocated radiances and a custom snow detection algorithm optimised for the Australian snow conditions.
The snow detection algorithm is based on the Melt Area
Detection Index (MADI) of Chylek et al. (2007) and is calculated as the ratio of reflectance values from two spectral
bands in the near-infrared. MADI was originally developed
to discriminate between dry and wet snow in Greenland but
its application for snow detection was considered suitable
due to the particular properties of snow in the Australian
Alps (Bormann et al. 2012a). As reported by Bormann et al.
(2012a), the implementation of MADI for snow detection
purposes required extensive modifications of the thresholds
used compared with values over Greenland.
In order to reduce the impact of errors related with cloud/
snow discrimination, Bormann et al. (2012a) performed a
manual inspection of all MODIS images to identify those
where clouds were present. From a total of 2871 daily
images between 2000 and 2010, only those images associated with clear-sky conditions were consider in the MODMADI dataset (a total of 358) leading to an average of about
32 images per snow season (May to early November). MODMADI snow cover is provided using a binary snow absence/
presence algorithm at a resolution of 500 m. Data are available over a region that includes parts of New South Wales
and Victoria over a regular grid of 745 latitudes by 897 longitudes. More specifically, the region encompass latitudes
between − 34.6 and − 38.0◦S and longitudes between 145.0
and 149.9 ◦E (see coloured grid points in Fig. 1b).
The MOD-MADI snow cover dataset was evaluated using
30-m Landsat true colour image composites on 15 clearsky days (Bormann et al. 2012a). The evaluation showed
that MOD-MADI underestimates total snow cover areas
over the Australian Alpine region by about 13% and this
is partially due to the influence of fractionally covered pixels (pixels with less than 50% snow cover) that are disregarded in MOD-MADI due to its binary nature. The negative
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bias related with the effect of fractionally covered pixels
increases in areas where the proportion of marginal snow
is greater.
2.2.2 MODIS‑Th dataset
The second product is the one developed by Thompson
(2016) (hereafter denoted as MODIS-Th). This dataset
uses the MODIS level-2 daily reflectances from collection
5. The snow detection is performed using the well known
Normalised Difference Snow Index (NDSI; Riggs et al.
2006) algorithm combined with the Normalised Difference
Vegetation Index (NDVI) to identify snow-cover in forested
areas (Thompson 2016). The NDSI algorithm is calculated
using the normalised difference of two bands (one in the
visible and one in the near-infrared). The NDSI has been
used extensively in the literature to detect snow in various
regions around the world (e.g., Crane and Anderson 1984;
Hall et al. 2002). This product uses the automated ICLM
algorithm of Thompson et al. (2015) to discriminate between
snow and clouds. As such, the discrimination between snow
and clouds is performed by an objective algorithm and does
not depend on the skill of the analyst as in Bormann et al.
(2012a).
MODIS-Th data are provided at a resolution of 500 m as a
binary product only for grid points with an elevation higher
than 1200 m (see coloured grid points in Fig. 1c). MODISTh region is thus smaller and comprised within the MODMADI region. In this study we use a gap-filled version containing daily values of snow cover for the period 2000–2014
(only from May to October included). The gap-filled version
was derived by assuming that the detected snow persisted
between observations unless the no-snow cover type was
detected. Averaged across the region and the whole period,
snow was detected in 6.2% of the days, clouds in 31.7%,
no-snow in 32.1% with about 30.0% of missing values. The
impact of using the gap-filled version is briefly discussed
in Sect. 5.
2.3 Regional climate model ensemble
RCM simulations used in this study were performed in the
context of the NARCliM project. The NARCliM project was
designed to create regional scale climate projections for use
in climate change impacts and adaptation studies, and ultimately to inform climate change policy making (Evans et al.
2014). In the following we provide a brief description of the
NARCliM experimental set up. More details can be found
in Evans et al. (2014) and on the University of New South
Wales website (http://www.ccrc.unsw.edu.au/NARCliM/)
and the AdaptNSW website (http://www.climatechange.
environment.nsw.gov.au/Climate-projections-for-NSW/
About-NARCliM/).
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Fig. 1  The domain of the 10-km grid spacing NARCliM simulations and the region of study are shown in a. Grid points where the
seasonal maximum snow-cover fraction exceeds 0.1 in at least 75%
of years are shown with black crosses for the MOD-MADI (b), the

MODIS-Th (c) and the NARCliM ensemble mean (d) datasets. The
10-km model elevation field is shown in colours only in those grid
points where data is available for each dataset

The RCM ensemble has been created by selecting four
GCMs from the 3rd Coupled Model Intercomparison Project
(CMIP3) and downscaling each of these with three different configurations of the Weather Research and Forecasting
(WRF) model. The GCMs were selected based on their skill
in representing the climate over southeast Australia, their
model independence and on the availability of the GCM
outputs required as inputs to the RCMs. The independence was measured using the method developed by Bishop
and Abramowitz (2013) based on the covariance of model
errors as the basis for model independence. Additionally, the
GCMs were chosen so that they covered as much as possible
the future temperature/precipitation change space of the full
CMIP3 multi-model dataset. The following four GCMs were
selected: MIROC3.2-medres, ECHAM5, CCCMA3.1, and
CSIRO-Mk3.0. For a more detailed discussion on the selection of GCMs the reader is referred to Evans and Ji (2012a).
The three different RCM versions were constructed using
version 3.3 of the WRF model (Skamarock et al. 2008) by
combining different surface/planetary boundary layer, cumulus and atmospheric radiation schemes. All three versions

share the dynamical core, the Unified Noah land surface
model (LSM) and the subgrid scale representation of microphysical processes (WDM-5 scheme). These three WRF
versions were selected from a 36 member multi-physics
ensemble based on their model skill and independence in a
two-step selection process (Evans and Ji 2012b; Evans et al.
2014). First, individual members of the full multi-physics
ensemble were evaluated over southeast Australia in order
to remove from the ensemble those configurations that were
not able to adequately simulate the climate. Second, from
the subensemble obtained in the former step, a subset was
chosen such that each selected member is as independent
as possible from the others using Bishop and Abramowitz
(2013) approach. Indeed, selected WRF versions correspond
to three of the most independent/best performing models of
the 36-member ensemble.
NARCliM simulations were carried out using a doublenesting approach where the GCMs are used to drive the
RCM at 50-km grid spacing over a domain that covers
the CORDEX-Austral Asia region (RCM50; see Fig. 1
in Evans et al. 2014), and then the RCM50 is used to
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drive the same RCM with an horizontal grid spacing of
10 km over a domain that includes the Australian Alpine
region (see domain in Fig. 1a). Only results from the
10-km resolution simulations are used in this study. All
simulations were performed for three 20-year periods:
present (1990–2009), near future (2020–2039), and far
future (2060–2079) with future runs following the A2
scenario from the Special Report on Emissions Scenarios
(SRES) (Nakićenović et al. 2000). The SRES A2 scenario
assumes a very heterogeneous world, with continuously
increasing global population and region-specific levels of
economic growth, representing a high emissions scenario.
According to Rogelj et al. (2012), the ensemble-median
projected temperature change for the period 2090–2099
is 3.9 ◦C for the SRES A2 with a 66% intermodel range
of [3.2,4.8] ◦C. These projections appear to be in between
those resulting from the more recent 6.5 and 8.5 representative concentration pathways (RCP) that lead to an
ensemble-median of ∼ 2.9 and ∼ 4.6 ◦C respectively for
the same period.
The NARCliM ensemble provides a number of atmospheric and surface variables, most of them available at a
3-hourly frequency and a few variables (e.g. precipitation
and temperature) available at an hourly frequency. NARCliM provides several snow-related variables including
the liquid equivalent accumulated snowfall and several
snowpack characteristics including snow depth, snow
water equivalent and snow cover, all calculated within
the Unified Noah LSM (shared by all NARCliM members). Within the LSM, the snowpack (e.g., snowpack
water equivalent) can increase either when the fraction
of frozen precipitation (snow/graupel) is greater than half
the total precipitation, in which case it is assumed that all
precipitation is solid, and/or when precipitation occurs
over an effective skin temperature that is lower than or
equal to 0 ◦C, in which case it assumed that all the precipitation will freeze at the surface. The snowpack can also
decrease due to melting (when effective skin temperature
is greater than 0 ◦C) or sublimation.
The snow cover fraction is the ratio of surface area
covered by snow within a grid box (i.e., values range from
0 to 1) and is dependent upon the snow water equivalent and the vegetation type (Chen and Dudhia 2001; Ek
2003). For example, a grid box with forest (cropland)
is considered to be fully covered by snow whenever the
snow water equivalent is greater than 0.08 m (0.04 m).
The snow depth contains the physical depth of the snowpack and is calculated from the snowpack water equivalent and its density that is governed via a time-dependent
snow compaction algorithm (Ek 2003).
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3 Snow seasonal descriptors and area of study
Simulated and satellite products are available at different spatial (500 m Vs. 10 km) and temporal (daily Vs.
3-hourly) resolutions. In order to compare the model output with MODIS-derived satellite observations, it is necessary to remap and resample the data to a common grid
and temporal frequency. In this study, as similarly done
by Kotlarski et al. (2014) and Da Ronco et al. (2016), the
coarser grid has been used as the reference grid and the
MODIS-derived products have been upscaled to the NARCliM grid mesh. Following Da Ronco et al. (2016), the
upscaling is performed by simply averaging values from
the 500-m resolution MODIS-derived data within 10-km
RCM grid boxes (i.e., every RCM grid box comprises
nearly 400 MODIS observed values). Only those 10-km
grid boxes with at least 20% of valid data (i.e., about 80
grid points) are considered in the analysis. MOD-MADI
and MODIS-Th datasets provide snow cover as a binary
product: 0 (no snow) and 1 (fully covered). As a consequence, the upscaled snow cover fraction takes values
between 0 and 1. As MODIS-derived datasets are available on a daily basis, simulated data were upscaled to the
daily time scale by simply averaging over hourly and/or
3-hourly values.
The assessment of snow cover characteristics and future
changes is performed based on the estimation of snow cover
seasonal descriptors. Following Thompson (2016), for each
season (i.e., from May to October included) we calculate
seasonal mean and maximum snow cover together with the
snow cover onset and melt days, and the seasonal snow cover
duration:
• Mean snow cover fraction (SCF) corresponds to the sea-

sonal averaged snow cover fraction at each grid point
calculated using all available daily values. Units are in
area fraction.
• Maximum snow cover fraction (MxSCF) corresponds to
the maximum daily snow cover fraction of the season at
each grid point. Units are in area fraction.
• Snow cover onset day (SCOD) corresponds to the first
day of the season when the daily snow cover fraction is
higher than 10%. In order to avoid ephemeral snow cover
episodes (Thompson and Lees 2014), a 10-day moving
average is applied to the daily snow cover time series
before searching for the onset day. The onset day is given
in day of the year (DOY) units (i.e., number between 0
and 365).
• Snow cover melt day (SCMD) corresponds to the last day
of the season when the daily snow cover fraction is over
a threshold of 10% at each grid point. Similar to SCOD,
a 10-day running mean is applied to the daily time series
before its calculation. Units are in DOY.
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• Snow cover duration (SCD) corresponds to the duration

fields (minimum and maximum temperatures and Ruddellderived snowfall rates) are used to force a temperature
based snow melt/accumulation model that provides new
estimations of snow depth and snow water equivalent at
the surface.

The study area is located over southeast Australia and corresponds to an area of roughly 2° by 3° in latitude and longitude respectively (see Fig. 1a) with a maximum elevation of 1430 m near Mount Kosciuszko according to the
10-km resolution topography. Regular snow cover is limited to grid points located at relatively high elevations. Grid
points with regular snow cover are here defined as those
grid points where the seasonal SCD is larger than 1 day in
at least 75% of the common period 2000–2009 (i.e., at least
8 years out of the 10 available). Black crosses in Fig. 1b–d
show the resulting grid points for the MOD-MADI (Fig. 1b),
the MODIS-Th (Fig. 1c) and the NARCliM ensemble mean
(Fig. 1d) datasets. Figure 1b–d show that the number of grid
points varies depending on the dataset considered and different areas are obtained by applying the above criteria to
observed and simulated datasets. Specifically, the MODMADI satellite product shows that only 26 grid points are
regularly snow covered while the MODIS-Th shows 91 and
the NARCliM ensemble has 259 grid points for the common
2000–2009 period.
The period of study also depends on the data being considered. As already mentioned, MOD-MADI satellite observations are only available between 2000 and 2010 while
MODIS-Th data are available between 2000 and 2014. Present climate RCM simulations are available between 1990
and 2009. As such, the evaluation of RCM simulations using
satellite data is performed over the common period between
2000 and 2009. Near and far future changes are estimated
using the full 20-year long simulations by comparing results
from the present period (1990–2009) with near/far future
periods (2020–2039 and 2060–2079 respectively).

4.1 Discriminating between rain and snow

of the snow cover and is determined as the difference
between the onset day and the melt day. Units are in days
(i.e., number between 0 and 365).
• Mean snow cover extent (SCE) the area covered by snow
averaged over the snow season. Units are in 102 km2.

A large number of studies have developed methods to
estimate daily snowfall from the total precipitation and
associated temperature records (Auer Jr. 1974; Ruddell
et al. 1990; Dai 2008; Kienzle 2008; Ye et al. 2013; Frei
et al. 2017). Over the Australian Alps, the dependence
that precipitation type has on surface temperatures was
studied by Ruddell et al. (1990) using over 16,000 days of
daily temperature, precipitation and occurrence of snowfall from seven Australian alpine locations. The fraction
of precipitation falling as snow from Ruddell et al. (1990)
data is shown by the black crosses in Fig. 2. In order to
use Ruddell results to separate snow/rain in observations
and simulations, an analytical formula has been fitted to
the data (see blue line in Fig. 2):
(1)
where SF and Tmin denote the daily snow fraction and
daily 2-m minimum temperature respectively. The best fit
was obtained using the following parameters: a = −0.363,
b = −1.3, c = −1.421 and d = 0.493. Using daily snow fractions as calculated from Eq. 1, we estimate daily snow and
rain fields for each NARCliM simulation and the AWAP
observations.

SF = a ⋅ arctan(b ⋅ (Tmin − c)) + d

4 Snow sensitive bias correction
This section provides a description of a methodology
developed to produce a new set of bias corrected snowpack characteristics and includes four main steps. First,
the parametric quantile mapping technique is applied to
correct NARCliM simulated temperature fields. Second,
using corrected temperatures, the Ruddell approximation (Ruddell et al. 1990) is used to separate the total
precipitation in snow and rain contributions. Third, the
parametric quantile mapping technique is applied to correct independently rainfall and snowfall fields as obtained
from the Ruddell separation. Finally, the new corrected

Fig. 2  Fraction of the total precipitation falling as snow as derived
from observations (black crosses, data from Ruddell et al. 1990) and
as fitted using Eq. 1 (blue line)
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4.2 Correcting temperature, rain and snowfall fields
Bias correction (BC) techniques aim at correcting the raw
output from climate models by using model errors that were
identified with the aid of observations. As such, BC techniques can only be applied to those variables for which reliable observations are available. Over the region and period
of analysis, daily observations are available only for minimum and maximum 2-m temperatures and total precipitation
(see Sect. 2.1). Using the Ruddell approximation, rain and
snowfall rates can also be obtained and used to directly correct the simulated rain and snowfall from the models.
In a recent paper, Frei et al. (2017) developed a methodology to correct simulated snowfall rates by independently
correcting 2-m temperature and total precipitation fields that
were used to derived snowfall rates. Their precipitation correction was performed by introducing an elevation-dependent correction factor that was assumed to vary linearly with
height. Temperature fields were corrected by adding a constant value for which the spatially and temporally averaged
simulated snowfall amounts matched the respective observation-based amount.
In this study we make use of the more sophisticated (and
more computationally demanding) quantile mapping (QM)
method using theoretical functions (see Piani et al. 2010;
Argüeso et al. 2013a and references therein) to adjust both
temperature and precipitation fields. The QM method is a
distribution-based approach that corrects raw output values
so the simulated quantiles converge towards the observed
ones. This method does not only correct the mean bias but
also higher moments (e.g., 99th percentile), an important
requirement when dealing with hydrological impact studies.
Previous works, notably the work by Gudmundsson et al.
(2012) and Ivanov and Kotlarski (2016), identified QM as
one of the best-performing BC methods with respect to both
bias correcting and downscaling of RCM output to the site
scale. Both studies also showed “no advantage of the parametric over the empirical QM methods” although when dealing with future climate corrections the parametric method
is preferred as it allows for a more consistent correction of
values that are outside the range of present-day (training)
values.
The first step in applying the quantile mapping method is
to fit theoretical distributions to the time series of the variable of interest. This fitting is performed independently at
every grid point. For temperature variables, we assume that
the probability distribution of both observed and simulated
daily minimum or maximum 2-m temperatures is approximated by a Gaussian probability density function.
Precipitation corrections are also performed using the
quantile mapping approach. Corrections are performed
independently for the total precipitation and the Ruddellderived rain and snowfall. The explicit distinction between
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the solid and liquid phases in the correction process is justified by the fact that snowfall and rainfall distributions are
generally significantly different. For all precipitation variables, we assume that the probability distribution of both
observed and simulated daily precipitation rates can be
approximated using a gamma probability density function.
As for temperature, the fitting is performed independently
at individual grid points. Following Argüeso et al. (2013b),
the parameters of the gamma distributions are calculated
using only wet days, which are defined as days with precipitation above a certain threshold. Here we define any day
in the AWAP dataset with precipitation larger than 0.2 mm
as wet. Modelled wet days are defined in a more flexible
way, using a calibrated precipitation threshold as proposed
in Schmidli et al. (2007) to adjust the potential excess of
wet-day frequencies and thus provide a better estimation of
the corrected accumulated values.
All fits are calculated on the present day simulation
(1990–2009) using daily distributions from the whole year
(not only the snow-season). When corrections are extrapolated into the future, they rely on the stationarity assumption
of the model biases (Maraun 2012; Bellprat et al. 2013).
4.3 Snow melt/accumulation model
The snow melt/accumulation model used here is the model
described as Scheme 1 in Bormann et al. (2014). It is a temperature index model that explicitly accounts for the unusually high snow densities (and large interannual changes in
density) found in the Australian snowpack. The snow melt/
accumulation model uses daily snow rates and minimum
and maximum temperatures from the BC output. It also uses
variables characterising the landscape such as the elevation,
latitude and mean potential relative radiation in order to estimate the snow density at each grid point and for each day of
the year. As the snow model is run at the 500 m resolution,
the 10-km BC fields need to be interpolated to the 500-m
grid mesh.
For temperature fields, the interpolation is performed
using a bilinear approach combined with a correction to
account for the elevation dependence of 2-m air temperatures. More specifically, the elevation correction is performed by adding the difference between the high-resolution and low-resolution topography fields multiplied by the
middle-latitude standard atmosphere lapse rate (Γ = − 6.5
K km−1). For snow fields, the interpolation is performed
using simply a bilinear method.
Temperature-index models of snowmelt use 2-m air temperature as a proxy for constraining snowmelt and may be
expressed generally as:

SM = 𝛼 ⋅ (Tmean − Tref )

(2)
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where SM is the snowmelt rate (mm day−1), Tmean is the 2-m
daily mean temperature (◦C), 𝛼 is the melt parameter (mm ◦C
day−1) and Tref is a reference temperature above which melt
starts to occur and here is set to 0 ◦C. The melt parameter
𝛼 is calculated as a function of varying snow density which
accounts for both interannual climate variability and a difference between exposed and forested sites. More details are
given in Bormann et al. (2014).
The snow melt/accumulation model outputs two characteristics of the snowpack: snow depth and snow water
equivalent. The snow cover is then calculated using snow
depth estimations by assuming:
• the grid box is fully covered by snow (SC = 1) when the

snow depth is equal or higher than 250 mm;
c[ o v e(r v a r )
i e s e x p o n e n]t i a l l y a s
SD
SD
SC = 1 − exp −S ⋅ 250
− 250
⋅ exp (−S) when the

• snow

snow depth ranges between 0 and 250 mm.

Fig. 3  Time series of snow-season average satellite-derived SCE (a),
total precipitation (b), minimum temperature (c) and maximum temperature (d). Results are shown for the period 2000–2014. Areal aver-
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with S a constant taken to be equal to 2.6. The 250 mm snow
depth threshold used here is consistent with thresholds in
the Unified Noah LSM (see Fig. 1 in Ek 2003). The snow
cover calculation is performed at the 500 m grid mesh. All
snowpack variables (snow depth, snow water equivalent and
snow cover) are later remapped to the 10-km grid mesh in
order to compare with the raw data.

5 Present‑day snowpack in satellite observations
Figure 3a shows snow-season mean values and long term
trends of the SC extent (SCE) over the common MODISTh area (black crosses in Fig. 1c) based on MODIS-Th
(2000–2014) and MOD-MADI (2000–2010) satellite products. Over their common period, both products show similar
interannual variability although the SCE in MODIS-Th is
roughly twice as large as in MOD-MADI showing a large
observational uncertainty. Both time series show similar
negative tendencies with decreases of 220 and 180 km2 per

ages were calculated using the MODIS-Th region. None of the trends
appear to be significant according to a Mann-Kendall test at the 5%
significance level (p < 0.05)
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decade for the MOD-MADI and the MODIS-Th products
respectively. None of these trends appear to be statistically
significant according to a Mann-Kendall test at the 5% significance level largely due to the relatively short period of
the analysis (11 and 15 years) combined with the large interannual variability.
The number of grid points with regular snow cover in
both MODIS-Th and MOD-MADI products is also very different. While MODIS-Th leads to a total of 91 grid points,
MOD-MADI only suggests 26 grid points. As mentioned
in Sect. 2.2, it has been shown that MOD-MADI data
underestimates observed snow cover using higher resolution Landsat images. According to Bormann et al. (2012a),
MOD-MADI’s underestimation is close to 15% and it is
expected to be larger over areas with greater proportion of
marginal snow cover. Assuming MODIS-Th as truth would
imply that MOD-MADI underestimates snow cover by about
80%, nearly five times more than shown by Bormann et al.
(2012a). It is thus unclear whether differences between both
satellite products are only due to a MOD-MADI underestimation or to a combination of MOD-MADI underestimation
with a MODIS-Th overestimation. As discussed in Section 1
in the Supplementary Material, annual differences between
mean SCE do not appear to be related with the fact that
MODIS-Th consists of a continuous (gap-filled) time series
compared to the discrete nature of the MOD-MADI product.
Time series of seasonal-mean total precipitation and minimum and maximum temperatures for the period 2000–2014
from the AWAP dataset are shown in Fig. 3b–d (also averaged over the MODIS-Th region). The decrease in SCE
appears to be related with positive trends in both minimum
and maximum temperatures although mostly the later as the
maximum temperature shows a much larger tendency (0.4
vs. 0.1 ◦C per decade) and a higher temporal correlation
with the MODIS SCE (− 0.59 vs. − 0.08 for MODIS-Th
and − 0.65 vs. 0.017 for MOD-MADI). While both trends
are not statistically significant over the period 2000–2014,
tendencies in snow-season maximum temperature appear to
be statistically significant when the longer 1990–2014 period
is considered (not shown). In agreement with these results,
using in situ observations Fiddes et al. (2015) showed that
maximum temperatures were more correlated with snowrelated variables than minimum temperatures.
As shown by Nicholls (2005) using in situ measurements of snow depth, snowpack decreases can also be partly
explained by the negative trend in total precipitation (− 0.15
mm day−1 per decade during 2000–2014) as SCE and total
precipitation time series are moderately correlated (0.27
for MODIS-Th and 0.38 for MOD-MADI). While the trend
in total precipitation appears to be statistically not significant for the period 2000–2014 this seems to be due to the
short period as the trend is statistically significant when
the longer 1990–2014 period is considered. The decrease
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in precipitation over the region (Nicholls 2005) was shown
to be strong on the western slopes as well as at high elevations but weak in the eastern slopes of the Snowy mountains
(Chubb et al. 2011). This general decrease has been associated to a weakening of the dominant westerly atmospheric
flow in response to a strengthening of the belt of high pressures (Timbal and Drosdowsky 2013).
Figure 4 shows the spatial distribution of seasonal-averaged snow cover descriptors for the MODIS-Th product
(MOD-MADI results are shown in Fig. S1 of the Supplementary Material). Mean snow cover fractions (Fig. 4a)
vary between 0 and 0.7 and appear to show a moderate
dependence with elevation with a spatial correlation of 0.42
(i.e. larger SC fractions at higher altitudes). Maximum SC
fractions (Fig. 4b) are generally higher than 0.7 and reach
values of 1 in many grid points. The comparison between
results from MODIS-Th and MOD-MADI shows that while
MODIS-Th data show significantly higher values than
MOD-MADI for both mean and maximum SC fractions,
spatial patterns are very similar with spatial correlations of
0.96 and 0.82 for SCF and MxSCF respectively.
According to the MODIS-Th product, a total of 91 grid
points show regular snow cover (i.e. seasonal SCD larger
than 1 day in at least 75% of the period). For this grid points,
the mean snow fraction over the whole season is 0.13. The
mean snow cover onset (Fig. 4c) occurs as early as 134 DOY
(mid-May) and as late as 223 DOY (mid-August) and the
mean end of the snow season (Fig. 4d) varies between 215
(early August) to 300 DOY (late October). This leads to a
mean duration of the snow season that varies from a few
days to nearly 165 days in the mountain peaks (Fig. 4e). As
expected, snow cover descriptors are highly correlated with
each other with high values of SC fractions, SC melt days
and SC durations occurring simultaneously with low values
of SC onset days. Areal-mean snow cover descriptors for
the MODIS-Th and the MOD-MADI products are shown
in Table 2.

6 Present‑day snowpack in NARCliM simulations
In this section we focus our attention on the evaluation of the
NARCliM ensemble to represent the snowpack and related
variables over the Australian Alps. For a more general discussion about temperature and precipitation biases in the
NARCliM ensemble the reader is referred to Olson et al.
(2016) and Di Luca et al. (2016).
Figure 5 shows NARCliM ensemble mean biases compared with the satellite products for the various snow cover
descriptors over the period 2000–2009. Biases in Fig. 5 are
calculated by taking the minimum bias between the ensemble mean and the two satellite products (MOD-MADI or
MODIS-Th). Moreover, the bias is set to zero if the ensemble
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Fig. 4  Present-day (2000–2009) climatology of snow cover as
derived using the MODIS-Th satellite dataset for the mean fraction
(a), the maximum fraction (b), the onset day (c) and melt day (d) and

the total duration (e). Mean and maximum fractions were calculated
using the snow season period (May to October included)

mean falls within the observational range. This is an adoption of the method first proposed in Evans et al. (2016).
The NARCliM ensemble-mean biases are separated
into three categories (a) less than half of the models show

a significant bias (insignificant areas, ensemble-mean bias
is shown in colour), (b) at least half of the models show a
significant bias and at least 80% of significant models agree
on the sign of the bias (significant areas of agreement,
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Table 2  Mean SC fraction, onset day, melt day and duration for
MODIS products and NARCliM raw and BC datasets
Data

SCF (1) SCOD (DOY) SCMD
(DOY)

SCD (days)

MOD-MADI
MODIS-Th
NARCliM
Raw
NARCliM
BC

0.071
0.13
0.18

192
172
162

261
253
264

69
81
102

0.11

183

237

54

Results correspond to the common MODIS-Th area between 2000–
2009

stippled with an slash (“|”) symbol), and (c) at least half
of the models show a significant bias and less than 80% of
significant models agree on the sign of the bias (significant
areas of disagreement, stippled with a cross (“x”) symbol).
Non-stippled areas thus indicate that biases are within the
interannual variability and is the preferred outcome. Also,
the lack of cross stippling indicates that among the models
significant areas of disagreement are not widespread. For
each variable (e.g., minimum temperature), the significance
of biases of individual models was estimated with respect to
the interannual variability using a Students t-test at the 5%
significance level (p < 0.05). The use of t-tests implicitly
assumes that observed and simulated annual mean values
follow normal distributions.
The NARCliM ensemble mean tends to overestimate
snow cover mean fractions compared with satellite observations in most of the Australian Alps and produces an underestimation over the highest peaks around Mount Kosciuszko.
A total of 88 out of the 112 grid points over the Australian
Alps (i.e. 79.5% of the MODIS-Th area) show biases that are
significant and where models agree on the sign of the bias.
There are also 6 grid points showing significant changes for
which simulations do not agree on the sign, generally located
in the transition between negative/positive biases.
Consistent with the general overestimation of the mean
snow cover fraction, NARCliM simulations suggest a significantly longer snow season (Fig. 5e) due to both a too
early start (Fig. 5c) and a too late finish (Fig. 5d) compared
to the MODIS products. Table 2 shows areal-mean values
over the regular snow covered grid points in the MODIS-Th
region for the start, the end and the duration of the snow
season. While the observational uncertainty is quite large,
the snow season in the NARCliM ensemble mean starts
about 10 days too early and ends nearly 10 days too late
compared with the closest observation, leading to a bias of
about 21 days in the mean duration. It should be noted that
local biases are much larger than areal-mean values because
there is some compensation in the averaging process (i.e.
biases show a mix of positive/negative values). While the
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snow cover evaluation is carried out using a single 10-year
period, mean biases as presented here are robust to sampling
uncertainty related with interannual variability. For a more
detailed discussion on this issue refer to Section 2 of the
Supplementary Material.
The causes of the general overestimation in the NARCliM
ensemble have to be related with either the amount of snow
falling on the ground and/or the accumulation/melting of
the snow at the surface. Top panels in Fig. 6 show the spatial distribution of mean temperature and total precipitation
ensemble mean biases compared with AWAP observations
over the period 1990–2009. Over most of the Australian
Alps, the ensemble has a cold bias of about 2◦C mainly due
to a cold bias in the simulated maximum temperatures (not
shown). This cold bias is not just a result of the ensemble
mean but a robust feature across individual simulations as
suggested by the comparison between monthly mean values
in AWAP and the NARCliM individual simulations (see
Fig. 6c). Ji et al. (2016) suggested that this cold temperature
bias might be partly explained by the use of the Noah LSM
that has been shown to overestimate total soil moisture content. It is unclear, however, whether this is still true in the
presence of snow at the surface.
Figure 6b, d also show that the ensemble mean and most
individual simulations overestimate the total precipitation compared with AWAP by about 2 mm day−1 over the
whole region but attaining about 4 mm day−1 over the western slopes of the Australian Alps. As shown in Fig. S3 in
the Supplementary Material, most of the overestimation in
the total precipitation is related with an excess of snowfall
as derived using the Ruddell approximation. As noted by
Chubb et al. (2016), the AWAP product largely underestimates precipitation over the western slopes of the Snowy
Mountains compared with an independent network of gauge
data from Snowy Hydro Ltd and it is thus unclear to what
extent NARCliM ensemble mean biases are accurate. However, the lack of a corrected version of the AWAP data over
the mountains prevents us to properly address this issue.
Consequently, both temperature and precipitation errors
in NARCliM simulations would contribute to produce an
excess of snowfall over the Snowy Mountains and eventually a longer lasting snowpack due to the cold temperature
biases. Using several RCMs, Frei et al. (2017) also found
similar precipitation and temperature biases over the Swiss
Alps suggesting that some of these biases might be related
with a systematic misrepresentation of some snow-related
process.
In order to gain more insight into the sources of the
snow cover errors, a multiple linear regression analysis
was performed independently in each grid point by using
seasonal mean values. Averaged over the Australian Alps,
the regression analysis shows that 55% of the seasonalmean snow cover errors can be explained using minimum,
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Fig. 5  NARCliM ensemble mean biases compared to the MODISderived datasets for present-day (2000–2009) snow cover descriptors.
Biases are calculated with respect to the closest observation-based
value (i.e., MOD-MADI or MODIS-Th) and set to zero if model out-

puts fall within the observational range. Significant areas of agreement are stippled with the “|” symbol (see Sect. in the text). Only
results over the common MODIS-Th region are shown

maximum and total precipitation errors as predictors (see
Table 3). Regardless of the simulation considered the largest errors in the snow cover arise from errors in the simulation of maximum temperature with a mean correlation
coefficient across models of − 0.62 and relatively small

variability between results from different simulations.
As expected, the correlation coefficient between errors in
snow cover and in total precipitation is always positive (an
excess of precipitation leads to an excess of snow cover)
with a mean value of 0.29 although there is a large range
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Fig. 6  Present-day (1990–2009) seasonal-mean biases (top panels)
and monthly mean distributions (bottom panels) of mean temperature and total precipitation. Top panels show results for the ensem-

ble mean and bottom panels include results for individual models and
observations. Significant areas of agreement are stippled with the “|”
symbol (see discussion in the text)

of responses among NARCliM members. This error analysis suggests that correcting temperature and precipitation
fields prior to the application of a snow melt/accumulation model can provide significant improvements in the
representation of the snowpack, supporting the use of a
bias correction technique.
Following the steps described in Sect. 4, a bias correction
methodology was applied by driving an independent snow
melt/accumulation model with bias corrected temperature
and precipitation fields. Figure S4 in the Supplementary
Material presents temperature, total precipitation and snowfall mean biases using the BC NARCliM data. The BC is
able to effectively eliminate most temperature and precipitation biases affecting the raw data and biases appear to be
non-significant over most of the domain. Moreover, monthly
mean values for individual simulations (right panels in Fig.

S4) show that the BC methodology corrects the ensemble
mean together with individual members.
Figure 7 shows the seasonal-mean biases of the BC snowcover descriptors compared to MODIS-derived products.
Over most of the Australian Alps, the BC data reduce snowcover fraction biases relative to MODIS-Th with an overall mean bias of − 0.022 compared with a 0.052 obtained
using the raw data (see Table 2). To avoid the compensation between positive and negative biases in the areal mean
calculation we calculated the root mean square error. Compared to MODIS-Th data, the areal-mean root mean square
error is 0.12 for the raw data and 0.069 for the BC data thus
showing that local errors are reduced by a factor of two.
The area of the Australian Alps were the ensemble mean
biases are significant decreases substantially from 79.5% in
the raw data to 14.3% in the BC data (using the MODIS-Th
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Table 3  Areal-mean temporal correlation between seasonal-mean
snow cover errors (SCerr) and the three predictors: total precipitation
err ; second column) and mini(PRerr; first column) and maximum (Tmax
err
mum (Tmin
; third column) temperatures for individual simulations and
the ensemble mean
err ) r(SC err , T err ) R2
r(SCerr , PRerr ) r(SCerr , Tmax
min

MIROC3.2-R1
MIROC3.2-R2
MIROC3.2-R3
CCCMA3.1-R1
CCCMA3.1-R2
CCCMA3.1-R3
ECHAM5-R1
ECHAM5-R2
ECHAM5-R3
CSIRO-MK3.0R1
CSIRO-MK3.0R2
CSIRO-MK3.0R3
NARCliM
Mean

0.38
0.51
0.59
0.2
0.11
0.13
0.34
0.4
0.38
0.04

− 0.59
− 0.67
− 0.64
− 0.58
− 0.57
− 0.45
− 0.67
− 0.72
− 0.65
− 0.62

− 0.09
0.1
0.21
− 0.41
− 0.4
− 0.28
− 0.35
− 0.4
− 0.23
− 0.31

0.44
0.59
0.54
0.52
0.52
0.43
0.58
0.63
0.6
0.56

0.18

− 0.68

− 0.24

0.62

0.2

− 0.58

− 0.14

0.54

0.29

− 0.62

− 0.21

0.55

Last column shows the total variance explained by the full multi linear regression. The areal mean is calculated using the MODIS-Th
region and only data from the common 10-year period (2000–2009)
are used. Note that the sum of individual factors does not add to the
total variance as the factors are correlated

common area). The BC data largely improves the spatial
distribution of snow compared to the raw simulation. The
spatial correlation coefficient between the mean SC fraction in the raw ensemble mean and observations is 0.65 and
0.64 for the MOD-MADI and MODIS-Th respectively while
it increases to 0.91 and 0.90 when using the BC dataset.
The corrected snow cover performs very well in most of the
domain although it tends to somewhat overestimate SC fraction in grid points surrounding Mount Kosciuszko where the
raw data produce a significant underestimation.
Table 2 shows areal-mean values over the regular snow
covered grid points in the MODIS-Th region for the start,
the end and the duration of the snow season for the raw and
BC datasets. Contrary to the raw data, the duration of the
snow season in the BC data tends to be too short compared
to both MODIS datasets largely due to a much earlier melt
of the snowpack compared datasets. This might be related
with either somewhat low values of snowfall and/or the snow
melt being too strong.
Figure 8 shows monthly mean SC extent, snow water
equivalent and snow depth for MODIS-observations
(only for snow cover) and both the raw (left panels) and
BC (right panels) datasets. For all snowpack variables, the
monthly-mean annual maxima tends to occur later in the BC

653

compared to the raw data. This seems to be an improvement
when looking at the MODIS-derived annual cycle (Fig. 8a,
b) but also considering the annual cycle as observed using
in situ snow depth measurements (e.g., Hennessy et al. 2008;
Bhend et al. 2012).
Regardless of the snowpack variable considered, the
spread across simulations is largely reduced in the BC data
compared with the raw data. This result is expected as the
correction towards observations reduces differences across
the input parameters (e.g., temperature and snowfall) driving
the snowpack model. The spread is generally explained by
both the choice of the GCM (i.e., lateral boundary conditions) and the choice of the RCM (i.e., subgrid-scale processes representation). Specifically, simulations performed
with version WRF-R2 tend to show the largest snow cover
extents, particularly when driven by CSIRO-MK3.0 and
MIROC3.2 while WRF-R3 simulations show the smallest
differences. The dependence of biases on the choice of the
RCM are clearly related with their representation of nearsurface temperatures with WRF-R3 simulations showing the
warmer temperatures and WRF-R2 the coldest values (see
Fig. 6c).
It is also interesting to note that while monthly mean SC
extent is much larger in the raw than in the BC data, differences between snow water equivalent and snow depth are
much smaller between both datasets. This results from differences in the spatial distribution of the snow water equivalent. The BC output tend to show deeper snow depths (and
more snow) over high elevation grid points but shallower
depths (and less snow) elsewhere (see top panels in Fig. S5
in the Supplementary Material). These differences in the
spatial distribution of the snowpack tend to favour a larger
snow cover extent in the raw data. Also, some differences
arise because both snowpack models (the Noah LSM used
within the NARCLiM raw simulations and the temperatureindex model used with the BC data) lead to different values
of snow depths for a given amount of snow water equivalent.
Specifically, the Unified Noah LSM associates higher depths
than the BC snowpack model for a given snow water equivalent value. Differences between both snowpack models are
ultimately related with the estimation of the snow density
and its temporal evolution through the season. The scatter
plots in bottom panels in Fig. S5 in the Supplementary Material show a clear linear relation between snow water and
snow depth for both datasets but the slope, proportional to
the snow density, is significantly larger in the raw data.

7 Future changes in NARCliM simulations
This Section discusses the projected future changes in the
alpine climate using the raw and BC NARCliM datasets.
For the sake of brevity, we only discuss in detail far future
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Fig. 7  Bias corrected NARCliM ensemble mean biases compared to
the MODIS-derived datasets for present-day (2000–2009) snow cover
descriptors. Biases are calculated with respect to the closest observation-based value (i.e., MOD-MADI or MODIS-Th) and set to zero if

model outputs fall within the observational range. Significant areas
of agreement are stippled with the “|” symbol (see discussion in the
text). Only results over the common MODIS-Th region are shown

(2060–2079) changes compared with present climate
(1990–2009). Near future (2020–2039) projections are
only summarised as they are qualitatively similar to far
future projections. A more general discussion about future
changes in temperature and precipitation as projected

by the NARCliM ensemble can be found in Olson et al.
(2016).
Figure 9 shows the NARCliM ensemble mean far-future
changes compared with present-day values for mean temperature (left panels) and total precipitation (right panels).
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Fig. 8  Monthly mean snow cover extent (top panels), snow water
equivalent (middle panels) and snow depth (bottom panels) from each
NARCliM ensemble member, the ensemble mean and the MODIS
products (when available). Results from the raw (left panels) and the
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BC (right panels) NARCliM datasets are shown for the period 2000–
2009. Areal-mean values were calculated using the common MODISTh area (see Fig. 1c)
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Fig. 9  Far-future (2060–2079) projected changes for mean temperature (left panels) and total precipitation (right panels) compared to the
present-day (1990–2009) climatology. Top panels show results for the

spatial distribution and bottom panels for the seasonal cycle. Monthly
mean values were calculated by averaging over grid points that have
regular snow cover in all three periods

The stippling in top panel plots indicates the level of model
agreement about future changes. As done with the “biases
significance”, the NARCliM ensemble-mean changes are
separated into three categories (a) less than half of the models show a significant change (insignificant areas, ensemblemean change is shown in colour), (b) at least half of the
models show a significant change and at least 80% of significant models agree on the sign of the change (significant
areas of agreement, stippled with a slash (“|”) symbol), and
(c) at least half of the models show a significant change and
less than 80% of significant models agree on the sign of the
change (significant areas of disagreement, stippled with a dot
(“x”) symbol). Non-stippled areas thus indicate that changes
are within the interannual variability. The significance of
changes of individual RCM-GCM pairs was estimated with
respect to the interannual variability using a Students t test

at the 5% significance level (p < 0.05) assuming equal variances for the observed and simulated time series. The use of
t tests essentially assumes that annual mean values follow a
normal distributions in past and future periods.
Figure 9a) shows that the warming trends observed in
the current climate will continue in the future with significant warming everywhere over the Australian alpine
region. Averaged across raw simulations, far future mean
temperature changes vary between 1.7 and 2.1 ◦C (arealmean value of 1.9 ◦C) with larger changes for maximum
than for minimum temperatures (see Fig. S6 in Supplementary Material). These future changes are slightly smaller to
those found by Grose et al. (2015a) (see their Fig. 4.2.4)
using output from 39 GCM simulations from the CMIP5
database that were performed following the RCP8.5. Note
that in Grose et al. (2015a) the region of analysis and the
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base period are different than in our study thus preventing a
direct comparison. Also note that, as mentioned before, the
RCP8.5 leads to higher temperature increases than SRES A2
(Rogelj et al. 2012).
Future temperature changes tend to be larger at higher
altitudes with a spatial correlation coefficient between mean
temperature changes and topography of 0.82. This clear
dependence of near-surface temperature changes on elevation (see Fig. S6 in the Supplementary Material) is likely
related with the effect of the SAF that enhances climate sensitivity in climate change simulations (Sellers 1969; Robock
1983; Qu and Hall 2007) due to changes in the albedo of the
snow-affected regions as near-surface temperature increases.
As shown in Fig. S6 in Supplementary Material, differences
in maximum temperature changes between low and high elevations can attain nearly 1 ◦C thus explaining more than one
third of the total change. Using an ensemble of RCM simulations, Steger et al. (2013) also found larger warming at
higher elevations over the Swiss Alps with differences of the
order of 1 ◦C between low and high elevation areas during
winter months. Their results show that the elevation dependence of temperature changes varies across different RCMs.
Using an ensemble of RCM simulations, Winter et al. (2017)
found a large range of SAF sensitivities and showed that
while some RCMs provide a good estimation of the observed
SAF, others overestimate its value. Further work is needed
to assess the ability of the NARCliM ensemble to simulate
the SAF effect over the Australian alpine region.
The SAF effect is likely at the source of the differential
warming at different elevations but might also explain the
larger warming rates of maximum compared to minimum
temperatures as the SAF effect is larger during the day (it
involves short-wave radiation through changes in the albedo)
thus affecting more importantly the maximum than the minimum temperatures. In agreement with these results, Grose
et al. (2015a) also showed that future changes in maximum
temperatures are larger than those in minimum temperatures
although only when considering results from their dynamical downscaling approach (see CCAM results in Fig. 4.2.7).
Again, this suggests that the failure of coarse-resolution
GCMs to represent the complex topography (and high elevations) of the Australian Alps prevents CMIP5 models from
simulating the SAF effect including the different warming
rates in maximum and minimum temperatures.
In general, far-future temperature changes as obtained
using the BC data (see Figs. S7a,c in the Supplementary
Material) differ little with those obtained using the raw data.
BC far future changes tend to show a somewhat stronger
warming (see Table 4) and a slightly different spatial pattern with a weaker dependence on elevation compared to
the raw data (spatial correlation with elevation is 0.68 in the
BC and 0.82 in the raw data). Far-future changes in monthly
mean temperatures (Fig. 9c, d) show that while all members

657

Table 4  Averaged future changes in near surface mean temperature,
total precipitation (PR) and Ruddell-derived snow (RSR) and rain
(RRR) rates for near and far future periods
Data Period

ΔTmean (°C) Δ PR (%) Δ RSR (%) Δ RRR (%)

Raw 2020–2039
2060–2079
BC 2020–2039
2060–2079

0.54
1.9
0.57
2.02

−2
−7
−2
−7

−8
−35
−7
−29

6
33
11
55

Results for the raw and BC datasets are shown. Precipitation changes
(in %) are presented relative to present climate (1990–2009) values.
Areal-mean values are calculated using grid points that have regular
snow cover in all three periods. Results are only shown for the ensemble mean. Grid points with regular snow cover verify that the seasonal SCD is larger than 1 day in at least 75% of the period

exhibit significant warming, the magnitude of the changes
can differ substantially across them. Warming rates are
largely controlled by the choice of the driving GCM with
largest rates for simulations performed using MIROC3.2 and
smallest rates for simulations using either CSIRO-MK3.0 or
ECHAM5, depending on the month. An interesting feature
shown by most members is an increase in warming rates
towards the end of the snow season, particularly when considering maximum temperature changes (not shown). Such a
response is consistent with the snow-albedo feedback effect
that tends to be more important at the end of the snow season (Robock 1983; Qu and Hall 2007). Again, this response
was also observed by Grose et al. (2015a) particularly when
considering results derived using the high-resolution CCAM
model (see their Fig. 4.2.7).
Figure 9b shows that total precipitation rates are projected
to decrease over the Australian alpine region although these
projections are much less robust than in the temperature
case. Far future projected changes suggest an areal-mean
decrease of about 7% compared with present-day precipitation rates for both the raw and BC datasets (see Table 4).
As shown in Fig. 9d, regardless of the dataset, the largest
and more robust precipitation decreases occur at the end of
the snow season (in September and October) with all members of the ensemble agreeing on the drying. The general
decrease in winter and particularly in spring precipitation
as shown by the NARCliM ensemble is in agreement with
results from CMIP5 GCM models and downscaled projections (CSIRO and Bureau of Meteorology 2015). Again, a
direct comparison is precluded due to differences in both the
region and period of analysis but results from CMIP5 GCM
models and CCAM in CSIRO and Bureau of Meteorology
(2015) suggest somewhat smaller reductions on spring precipitation (about 15%) than in NARCliM (about 30%). As
discussed by Grose et al. (2015b), this springtime drying
appears to be related with a substantial strengthening of the
subtropical ridge.
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Despite the general decrease in total precipitation, rain
rates as derived using the Ruddell equation (top panels in
Fig. S8 in Supplementary Material) are projected to increase
due to a much larger proportion of precipitation falling as
rain as a consequence of the temperature increases. Rain
rate increases vary across the Australian alpine region with
an overall increase of about 33% (55%) and largest values of
59% (81%) over high elevation regions for the raw (BC) data.
Projected changes in rain rates are much more robust than
those in total precipitation as a consequence of their dependence on temperature projections. Consistent with the above
results, snow rates (bottom panels in Fig. S8 in Supplementary Material) show very large decreases that are statistically
significant over the whole Australian alpine region. Snow
rate decreases averaged about 30% over the region although
they are projected to attain 65% in some grid points, mainly
over low elevations. Table 4 summarises temperature and
precipitation changes for both future periods and for the raw
and the BC datasets. Near future changes are roughly four
times smaller than far future changes with mean temperature
changes of 0.5 ◦C and precipitation changes of − 2.5% in
the raw data.
Consistent with changes in temperature and snow
rates, significant changes arise in the characteristics of the
snowpack in future projections. In order to illustrate these
changes, Fig. 10 shows daily mean SC fractions for present,
near future and far future periods. Results are shown for
three different grid points and for both the raw (left panels) and BC (right panels) datasets. Differences between
the raw and BC datasets for a given grid point show that
although the correction usually leads to a decrease of the
snowpack, in some grid points an increase can be observed.
For a grid point situated in the western flank of the mountains (Fig. 10a, b) that shows a large negative temperature
bias and a large positive precipitation bias in the past climate, the correction results in a virtual disappearance of
the snow cover. On the other hand, for grid points located
at the peak and towards the eastern flank of the mountains
(Fig. 10c–f), both showing a positive temperature bias, the
correction leads to an increase in the snow fractions. As
expected, regardless of the grid point considered and the
dataset, the snow season will start later and will finish earlier
in the future compared to the present climate thus leading to
lower mean snow cover fractions in the future. Snow cover
fraction decreases are much larger in the far future than in
the near future.
Figure 11 shows far-future changes in the snow cover
characteristics for the raw (left panels) and the BC (right
panels) datasets. The projected changes show significant
decreases everywhere and the spatial distribution (Fig. 11a,
b) shows that decreases are correlated with elevation with
larger decreases occurring over higher elevations (spatial
correlation of − 0.75 and − 0.55 for the raw and the BC data
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respectively). The elevation dependence seems to arise from
the combined effect of temperature changes (larger in higher
altitudes) and present-day snow cover values (also larger in
higher elevations). In relative terms (Fig. 11c, d), the NARCliM raw ensemble mean suggests quite uniform changes
while the BC data shows more heterogeneous results with
higher changes over lower elevations.
The reduction in the total snow cover can also be quantified by counting the number of grid points with regular
snow cover in all three periods. According to the raw data,
the number of grid points decreases from a value of 270 in
the present to 228 (− 15%) to 114 (− 57%) in the near and
far future periods respectively. The number of snow-covered
grid points in the BC data changes from 67 to 53 (− 21%)
and 24 (− 64%) for the same periods. These results suggest
similar relative changes with a somewhat greater reduction
in the BC data. Another way to look at future changes is by
evaluating areal mean values for those grid points that show
regular snow cover in present and future periods (i.e., looking at common grid points across the three periods). Table 5
shows that the mean snow cover fraction in the raw data is
reduced by 15 and 54% compared to present day climate
for near and far future respectively. For the same periods,
the BC data shows nearly the same reductions (15 and 52%
respectively). Table 5 also presents areal-mean values for
the start, end and mean duration of the snow season. In both
the raw and BC datasets, the duration of the snow season
decreases by about 10% by 2020–2039 (12 days compared
with present climate) and about 40% by 2060–2079 (45
days). The shortening of the snow season occurs due to a
later start of ∼ 21 days and an earlier melt of 24 days for
the raw and BC data respectively. That is, our results show
a weak asymmetry in the sortening of the snow season with
stronger shortening in springtime. A similar asymmetry was
found by Steger et al. (2013) in their study over the Swiss
Alps although their found greater differences between the
shortening at start and the end.
In general, future changes as a fraction of the present values are remarkably similar in both datasets. The only significant difference is a somewhat greater reduction in the number of regularly snow-covered grid points in the BC dataset.
The BC data show larger rates of snow cover reduction per
degree of warming with an areal-mean value of − 0.083 ◦
C−1 compared with a value of − 0.056 ◦C−1 for the raw data.
These differences might be related with the initial distribution of snow cover mean values although further work is
needed to better understand some of the differences between
the raw and BC datasets.
The snowpack reductions found in this study are of similar magnitude to those found in other studies. For example, Steger et al. (2013) found that snow water equivalent
reductions were strongly dependent on the altitude (in relative terms, higher for lower elevations) with reductions
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Fig. 10  Daily mean snow cover fraction for present, near future and
far future periods for the raw (left panels) and the BC (right panels)
NARCliM data. Top, middle and bottom panels show results for three
distinct grid points located at the same latitude (36.5◦S) and longi-

tudes of 147.8, 148.3 and 148.5◦E respectively. The ensemble mean is
shown with the thick line and error bars show one standard deviation
of the members distribution. The elevation of each grid box is shown
in the top left corner

of about 70% for elevations below 1000 m. For the snow
water equivalent, our estimations suggest a reduction

of 69 and 61% for the period 2060–2079 (see Table 5)
although these results are not directly comparable due to
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Fig. 11  Far-future (2060–2079) projected changes of mean snow
cover fraction for the raw (left panels) and the BC (right panels) data.
Top panels show absolute changes, middle panels relative changes
and bottom panels monthly mean changes. All changes are calculated compared to the present-day (1990–2009) climatology. Top and
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middle panels show results for the ensemble mean and the stippling
provides information about the significance and agreement across
models. In bottom panels, areal-mean values are calculated using grid
points that have regular snow cover in all three periods

Australian snowpack in the NARCliM ensemble: evaluation, bias correction and future…
Table 5  Areal mean values for
the raw and BC data and for
different periods

Data
Raw

BC

Period

SCF (1)

SCOD (DOY)

1990–2009 0.2
157
2020–2039 0.17 (−15) 164
2060–2079 0.09 (−54) 179
1990–2009 0.32
154
2020–2039 0.27 (−15) 161
2060–2079 0.15 (−52) 175
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SCMD (DOY)

SCD (days)

SWE (mm)

SD (cm)

266
260
242
272
267
248

108
96 (−11)
63 (−41)
117
105 (−10)
72 (−38)

12.2
9.6 (−21)
3.7 (−69)
55.9
46.0 (−17)
21.4 (−61)

4.2
3.3 (−20)
1.3 (−69)
13.6
11.3 (−16)
5.5 (-59)

Several seasonal descriptors are shown including SC fraction, SC onset day, SC melt day, SC duration,
snow water equivalent and snow depth. Areal-mean values are calculated using grid points that have regular snow cover in all three periods. Results are shown only for the ensemble mean. Relative changes (in %)
compared to present climate (1990–2009) are included in parentheses. Grid points with regular snow cover
verify that the seasonal SCD is larger than 1 day in at least 75% of the period

differences in the scenario (distinct future warming) and
analysis period (2071–2099).

8 Uncertainties in future projections
Far-future changes in monthly mean values (Fig. 11e, f)
show that the largest changes in snowpack characteristics
occur on the core winter months in both NARCliM datasets.
Figure 11e, f also show that the uncertainty of the projections is quite large and generally dominated by the choice of
the GCM, particularly when considering the BC data (left
panels). Particularly for the snow cover extent, the BC data
show smaller uncertainties compared to the raw data. However, a more detailed analysis of future uncertainties suggests that the reduction of the uncertainties in the BC data
depends on the specific variable being considered. Table 6
presents an estimation of future changes uncertainties for
both datasets and both future periods based on the intermember standard deviation. Results show that for some variables uncertainties appear to be larger for the BC dataset.
In order to gain more insight on the sources of the uncertainties, we have decomposed the full variance according to the choice of the GCM, the RCM and the sampling
uncertainty. The variance decomposition method as applied
here follows directly from Déqué et al. (2007) and Di Luca
et al. (2014). The sampling uncertainty was estimated using
a Monte Carlo approach as described in Section 1 of the
Table 6  Climate change
uncertainties for the raw and
bias corrected datasets and near
and far future periods

Supplementary Material. The climate change signal of a
given variable V can then be expressed as ΔVGRI ∈ ℜ4×3×100
where index G denotes the choice of the GCM (∈ [0, 3]),
R the choice of the RCM (∈ [0, 2]) and I the choice of the
random sample (∈ [0, 99]) calculated using the Monte Carlo
approach.
Figure 12 presents results for (a) near and (b) far future
changes. Single terms (i.e., G, R, and I) represent the contribution to the total variance coming from that index when
averaging over the remaining indices. That is, the term R
will be different from zero if the mean change is different
in the three RCM configurations. Second order terms of the
form GR, GI, RI represent the contribution of the interaction
between two given sources (e.g. RCM and GCM) to the total
uncertainty. For example, they might reflect whether some
RCM uncertainties depend on the specific driving GCM (i.e.
GCM-dependent RCM differences). Fig. 12 shows that the
influence of the sampling term (i.e., of the internal variability) is much greater for near than far future projections
due to the relatively smaller effect of greenhouse gases by
2020–2039. By 2060–2079, however, intermodel differences
(uncertainty due to the choice of RCM and GCM) explain
about 90% of the total variance for most variables showing
that the sampling uncertainty becomes small on the long
term. Regardless of the variable considered, the choice of
the GCM dominates the full uncertainty with values higher
than 60% for some variables. The contribution to the full
uncertainty from the choice of the RCM is however not

Period

Data

Tmean (°C)

PR (mm)

RSR (mm)

RRR (mm)

SWE (mm)

SD (cm)

SCF

2020–2039

Raw
BC
Raw
BC

0.16
0.2
0.24
0.32

0.29
0.22
0.47
0.35

0.21
0.17
0.32
0.23

0.22
0.16
0.31
0.31

1.13
1.89
1.81
2.09

0.35
0.45
0.57
0.51

0.01
0.01
0.019
0.011

2060–2079

Uncertainties are estimated by calculating the total standard deviation of the a climate change distribution that includes the 12 member NARCliM ensemble. Several variables are included: snow depth (SD),
snow water equivalent (SWE), snow cover fraction (SCF), mean temperature (Tmean), total precipitation
rate (PR), Ruddell rain rate (RRR) and Ruddell snow rate (RSR)
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Fig. 12  Fraction of the total uncertainty explained by the various decomposition terms for a near (2020–2039) and b far-future
(2060–2079) projected changes based on the raw data. In the variance
decomposition terms, G represents the boundary conditions (GCMs),
R the RCM and I the sampling uncertainty. Details about the decomposition method are given in Di Luca et al. (2014). Results are shown
for snow depth (SD), Ruddell snow rate (RSR), snow water equivalent (SWE), snow cover fraction (SCF), mean temperature (Tmean),
Ruddell rain rate (RRR) and total precipitation rate (PR). Only results
for the raw data are shown

negligible with values close to 30% depending on the specific variable being considered.

9 Discussion and conclusions
Using a range of observations, a number of studies have
shown a general warming and a decrease of the snowpack
over the Australian alpine region suggesting that climate
changes related with the increase of greenhouse gases might
be already occurring. Given the high vulnerability of the
Australian alpine snow fields to changes in the climate, there
is a clear need to assess and understand possible future climate changes and provide plausible scenarios to be used by
the impact, adaptation and mitigation communities.
In this article, we have presented an analysis of the Australian Alps snowpack characteristics and other related
variables in observations (in situ gridded and satellite data)
and in a high-resolution regional climate model (RCM)
ensemble. The study included the evaluation of the ability of the ensemble to simulate the observed snowpack
characteristics over the period 2000–2009, the development of a bias correction technique and the estimation of
future projections based on two future periods (2020–2039
and 2060–2079). The RCM ensemble used here was performed within the NSW/ACT Regional Climate Modelling
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(NARCliM) project and consists of a total of 12 simulations,
all at 10-km grid spacing, carried out using four GCMs from
CMIP3 (all following the A2 scenario) and three different
WRF configurations.
The evaluation of the NARCliM ensemble showed that all
simulations have a negative temperature bias, largely related
with an underestimation of maximum temperatures, and that
they produce too much precipitation mostly in the western
flank of the Australian Alps. We applied a multiple linear
regression analysis and found that about 55% of the seasonal-mean snow cover errors can be explained using minimum, maximum and total precipitation errors as predictors
with maximum temperature errors playing the leading role.
We then apply the quantile mapping method using theoretical functions (Piani et al. 2010) to correct simulated
temperature and precipitation time series with the aid of the
AWAP gridded observations. Prior to the application of the
correction for precipitation fields, the total precipitation is
decomposed in rain and snow based on an empirical relationship and the corrected daily minimum temperature. The
correction is then performed independently for the rain and
snowfall terms. The corrected time series are then used to
force a temperature based snow melt/accumulation model
to produce new, bias corrected, estimations of snow depth,
snow water equivalent and snow cover.
The present climate bias corrected (BC) snowpack
shows important differences compared with the raw data
and, although some positive biases remain, the BC data
show large improvements regarding the simulation of total
amounts, seasonality and spatial distribution of the snow
cover compared with the MODIS products. In addition to
the improvements in the snow cover representation, the BC
ensemble indicates a general reduction of the present climate
uncertainty associated with individual members compared
with the raw data.
NARCliM simulations project robust future increases of
near surface temperatures with a clear influence of the snowalbedo feedback effect that enhances the warming at higher
elevations. While generally not significant, future precipitation changes suggest a decrease of the total precipitation
by 2070 mostly due to a drying in springtime. Simulations
project significant decreases in snow rates and increases in
rain rates due to changes in the occurrence of solid and liquid precipitation phases related to the temperature changes.
Rain increases are observed in spite of a the general small
decrease in total precipitation.
As a consequence of the steady decreases in snowfall
and increases in temperature, projections show a substantial reduction of the snowpack over the Australian Alps.
A summary of the NARCliM ensemble mean climatology
of snow cover extent for present (1990–2009), near-future
(2020–2039) and far-future (2060–2079) is given in top panels in Fig. 13. In both datasets, snow cover extent decreases
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Fig. 13  Snow cover mean extent (top panels) and changes relative
to present values (bottom panels) for present, near future and far
future climates. Left and right panels show results for the NARCliM
raw and BC datasets respectively. Areal-mean values are calculated

using grid points that have regular snow cover in all three periods.
The NARCliM ensemble mean (red line), inter-quartile range (blue
box) and total range (whisker) are shown for each period. Red circles
represent values from individual members

by about 15 and 60% by 2030 and 2070 respectively. It is
interesting to note that while the BC data introduces large
differences in the simulation of the present climate snow
cover (e.g., SCE is about three times smaller in the BC than
in the raw data), in relative terms future changes appear
to be similar in both datasets. The BC data only suggest
slightly larger relative changes in the snowpack, presumably explained by a somewhat different spatial distribution
of the temperature changes. The strong agreement between
changes obtained in both datasets suggests that the BC data
can be safely used in order to provide more coherent present
and future scenarios for adaptation strategies.
Future projections of snowpack characteristics show large
uncertainties due to both the choice of the lateral boundary conditions (i.e., the GCM) and the choice of the RCM
version although dominated by the former. Near-future

uncertainties show a non-negligable influence of the internal variability (i.e., sampling) term, here estimated using
a Monte Carlo approach. Although the BC data suggests a
small reduction of the uncertainty compared with the raw
data when looking at the snow cover extent, the consideration of other variables (e.g. snow water equivalent) shows
that undertainties in the BC data might be larger than in the
raw data.
It is important to mention a number of limitations of
this study. First, the evaluation and correction of NARCliM
simulations was performed using observations that are characterised by important uncertainties and even some systematic errors. Specifically, as mentioned in the Data Section,
AWAP systematically underestimates total precipitation over
the western slopes during winter months (Chubb et al. 2015,
2016). Also, the uncertainty associated with the two MODIS
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derived products used in this study is very large and it is
unclear which dataset gives better results.
Second, the RCM ensemble used here is limited in some
regards. Future simulations have been performed using a
single scenario of emissions (SRES A2, Nakićenović et al.
2000). It is expected, however, that a simple temperature
scaling could account for differences with other scenarios.
The RCM ensemble is also relatively small (12 members)
although RCMs and GCMs were selected based on their
independence thus allowing to sample more effectively
future model uncertainty.
Third, the future snowpack using corrected input fields
was estimated based on a simple temperature index melt
snow model. Although temperature index models have
shown good performance and continue to be widely used,
it is expected that a more physically based energy balance
model can provide better snowpack estimations, particularly when looking at high spatiotemporal resolution results
(Hock 2003). Ongoing and future work will try to address
some of this limitations.
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