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Current snowmelt parameterisation schemes are largely untested in warmer maritime snowfields, where
physical snow properties can differ substantially from the more common colder snow environments.
Physical properties such as snow density influence the thermal properties of snow layers and are likely
to be important for snowmelt rates. Existing methods for incorporating physical snow properties into
temperature-index models (TIMs) require frequent snow density observations. These observations are
often unavailable in less monitored snow environments. In this study, previous techniques for end-of-
season snow density estimation (Bormann et al., 2013) were enhanced and used as a basis for generating
daily snow density data from climate inputs. When evaluated against 2970 observations, the snow den-
sity model outperforms a regionalised density-time curve reducing biases from �0.027 g cm�3 to
�0.004 g cm�3 (7%). The simulated daily densities were used at 13 sites in the warmer maritime snow-
fields of Australia to parameterise snowmelt estimation. With absolute snow water equivalent (SWE)
errors between 100 and 136 mm, the snow model performance was generally lower in the study region
than that reported for colder snow environments, which may be attributed to high annual variability.
Model performance was strongly dependent on both calibration and the adjustment for precipitation
undercatch errors, which influenced model calibration parameters by 150–200%. Comparison of the den-
sity-based snowmelt algorithm against a typical temperature-index model revealed only minor differ-
ences between the two snowmelt schemes for estimation of SWE. However, when the model was
evaluated against snow depths, the new scheme reduced errors by up to 50%, largely due to improved
SWE to depth conversions. While this study demonstrates the use of simulated snow density in snowmelt
parameterisation, the snow density model may also be of broad interest for snow depth to SWE
conversion. Overall, the study responds to recent calls for broader testing of TIMs across different snow
environments, improves existing snow modelling in Australia and proposes a new method for
introducing physically-based constraints on snowmelt rates in data-poor regions.

� 2014 Elsevier B.V. All rights reserved.
1. Introduction

Understanding how snow water resources are distributed
throughout snow-affected catchments is imperative for water
resource planning in many regions worldwide. The snow water
resources contained within small and isolated snowfields have
been identified as particularly vulnerable in a warming climate
(Bicknell and McManus, 2006). Regular observations of snow water
equivalent (SWE) are currently unavailable at catchment scales
(Dozier and Painter, 2004), and the available point-based observa-
tions are of limited use for snowmelt prediction (Rice and Bales,
2010). Snow models that estimate SWE distribution from more
readily available climate observations are therefore essential for
bridging the gap between available snow observations and infor-
mation demand.

Temperature-index snow models (TIMs) have fewer static
parameters and less complex data requirements than energy bal-
ance models, and despite their relative simplicity retain a some-
what physical basis (Ohmura, 2001). As such, TIMs are often
selected over energy balance approaches in less monitored catch-
ments, have demonstrated skill in snowmelt estimation (Jost
et al., 2012) and continue to be used for catchment-scale studies
(Shamir and Georgakakos, 2006). Unlike energy balance models,
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TIMs require rigorous calibration with snow observations (Kumar
et al., 2013). In these models, the melt factor (units of mm �C�1 day�1

or cm �C�1 day�1) directly relates daily snowmelt rates to
near-surface air temperature. Sub-daily attribution of melt factors
has also been used to introduce diurnal cycles in snowmelt rates
(Tobin et al., 2013). During model calibration, the melt factor (often
referred to as the degree-day factor) is the adjustable parameter
that is tuned for optimum model performance. As such, the melt
factor is not selected based on the physical characteristics that
influence snowmelt rates, which include elevation, aspect, poten-
tial solar exposure, forest cover, physical snow properties and cli-
mate influences (Marsh et al., 2012; Musselman et al., 2012).

Many studies have demonstrated the benefits of incorporating
physical influences such as solar radiation, cold content or landscape
features into TIM based snowmelt algorithms (Brubaker et al., 1996;
Hock, 1999; Jost et al., 2012). These methods of modifying snowmelt
estimation generally involve the modulation of melt factor values
with potential solar radiation exposure, using landscape informa-
tion such as aspect, slope or elevation. Few studies have explored
the use of physical snow properties (such as snow density) for pre-
scribing melt factors and melt behaviour (DeWalle et al., 2002;
Rango and Martinec, 1995), particularly beyond the confines of point
observation locations. The integration of physical snow properties
into snowmelt parameterisation schemes in TIMs is appealing in
small, marginal snowfields where snow properties (in particular
snow densities) can differ substantially from most (cold) snowfields
globally (Bormann et al., 2013). Methods for distributing existing
density-based snowmelt parameterisations, such as that described
in Rango and Martinec (1995), beyond point locations may be
particularly useful in these snowfields.

The Australian snowfields are a good example of a marginal
snowpack with unique snow properties (Bormann et al., 2013).
With relatively long snow observation records in some areas, these
snowfields provide an ideal region for the extension of existing
snow modelling techniques to the less-studied warmer snow envi-
ronments. In this study, an existing method for end-of-season
snow density estimation (Bormann et al., 2013) has been extended
to support a snow density model that generates daily snow densi-
ties from climate inputs. Many of the existing models that are used
to statistically simulate snow densities from climate variables do
not operate at daily time scales (McCreight and Small, 2013). The
Fig. 1. Study region in southeast Australia (left). The state borders mark the state of New
area above 1400 m (snowline, Ruddell et al., 1990) is shaded grey, the red boxes are in s
the crosses indicate precipitation gauge locations. The snow site numbers correspond wit
legend, the reader is referred to the web version of this article.)
density model development for daily estimations is one of the
major contributions presented in this study. The simulated daily
snow densities were used to apply the Rango and Martinec
(1995) method for snowmelt parameterisation in TIMs. The models
were tested at multiple point locations throughout the largest con-
tiguous snowfield in Australia. The model performance was then
compared to a typical air-temperature-based snowmelt estimation
method that was developed for the region in previous studies
(Schreider et al., 1997; Whetton et al., 1996). While this study is
limited to point-based modelling, the objective was to provide a
physically-based foundation to enable spatial distribution of the
model beyond point locations and across the entire region. This
study proposes a snow density algorithm that may be readily
applied at catchment scales, extends the limited state of snow
modelling in Australia and responds to recent calls for the testing
of TIMs in different snow environments (Jost et al., 2012).

2. Data

2.1. The study region

Alpine catchments that are situated in southeast Australia (Fig. 1)
contribute snowmelt to streamflows in the largely arid and agricul-
turally important Murray-Darling river system. The Murray-Darling
basin is considered Australia’s ‘‘food bowl’’ and is currently the focus
of much political debate due to over allocation of water resources
and declining health of waterways (Kingsford, 2009). The snow-
affected areas range from approximately 1400–2200 m in elevation,
with around half of the terrain lying below 1550 m. The climatolog-
ical mean freezing level during winter has been estimated at around
1500 m (Budin, 1985), which places large areas of snow in this
region at or below the atmospheric freezing level. The largest contig-
uous snow covered area in Australia is situated in the state of New
South Wales (NSW) (Fig. 1) and is the focus region of this study.
These maritime snowfields may be considered a typical example
of relatively warm and marginal snowfields worldwide.

2.2. Snow data and model sites

Snow observations collected by Snowy Hydro Ltd. were
obtained manually using Federal samplers (Snowy Hydro Ltd.,
South Wales (NSW), Victoria (VIC) and the Australian Capital Territory (ACT). The
itu snow site locations, the open diamonds mark temperature observation sites and
h descriptions in Table 1. (For interpretation of the references to colour in this figure



Table 1
Snow observation site inventory.

Note: Shaded rows highlight the sites that were used to evaluate the snow density model only.
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personal communication, March 17, 2014) for 16 snow courses
throughout the NSW snowfields. One site was omitted due to a
short record period of only three years leaving 15 snow observa-
tion sites with record periods exceeding 39 years (Table 1). The site
locations are shown in Fig. 1. The data at these sites include snow
water equivalent (SWE), snow density and snow depth, which have
been retrieved at irregular sampling frequencies ranging from 6 to
60 day intervals during winter months. Typically measurements
are retrieved every 7–14 days. For each observation, multiple mea-
surements were obtained manually at 20 m spacings along snow
course transects and the sample mean was recorded. Most of the
site records extend back to the early 1960s and collectively sample
the full elevation range of the snowfields (Table 1). The sites were
categorised into three elevation bands: low elevation sites
<1599 m (n = 5), mid elevation sites 1600–1799 m (n = 7), and high
elevation sites >1800 m (n = 3). Four slope aspect categories were
also classified, including NE (0–90�), SE (90–180�), SW (180–
270�) and NW (270–360�). For reasons discussed in Section 3.1,
the TIMs model could not be configured at two of the 15 sites listed
in Table 1. However, these sites were used to evaluate the snow
density model.

2.3. Meteorological data

Daily precipitation and temperature data for the region were
obtained from both the Bureau of Meteorology (BoM) and Snowy
Hydro Ltd. There were limited climate observations at altitudes
above the snowline (Fig. 1) and spatially consistent climate obser-
vations at each of the snow sites were not always available. Daily
temperature and precipitation time series were prepared at each
of the 15 snow sites from the point-based meteorological observa-
tions to match the snow data period of record at each site. Gaps
and missing data were filled by merging records from nearby sta-
tions when required, favouring sites at higher altitude for the pre-
cipitation data. A lapse rate of 5.5 �C km�1 (Appendix 4 in Ruddell
et al. (1990)) was used to adjust air temperature observations to



K.J. Bormann et al. / Journal of Hydrology 517 (2014) 652–667 655
account for elevation differences between climate stations and
snow observation sites. The daily precipitation observations were
adjusted for undercatch biases using a mass balance technique,
further details of which are provided in the Method section.

Small-scale orographic effects were detected at several high ele-
vation precipitation gauges, where very low winter precipitation
totals were observed at sites near the summit (>2000 m). The accu-
mulated winter precipitation at these sites did not correlate well
with neighbouring sites (<5 km away) or observed snow accumu-
lation profiles. The data from these precipitation sites (n = 3) were
not representative of the winter precipitation totals experienced at
other high elevation snow sites near the summit or observed
on-ground accumulations and as such were omitted.
2.4. Landscape data

Potential relative radiation (PRR) was obtained following the
GIS-based method developed by Pierce et al. (2005) using elevation
data obtained from the Shuttle Radar Topographic Mission (SRTM)
(Farr et al., 2007). The Pierce method accounts for local terrain
shading but does not account for canopy shading in forested areas.
The SRTM elevation data were first regridded from �90 m to
�500 m spatial resolution to allow processing across the entire
NSW and VIC region (�10,000 km2). The elevation data were
degraded prior to calculating PRR to match the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) pixel scale, in prepara-
tion for a future spatially distributed model. The Pierce method
integrates solar exposure throughout the day (at hourly intervals)
for each winter month from geospatial and terrain information.
The PRR therefore reflects the potential solar radiation exposure
at each 500 m pixel whilst considering elevation, aspect, slope
and local terrain shading. While spatial coarsening of elevation
data has been shown to reduce the spatial variability of potential
solar radiation estimates, much of the fine-scale variability is pres-
ent at scales less than 100 m (Liu et al., 2012) and largely beyond
the capabilities of the original data. The PRR is therefore considered
a broad-scale estimate of solar exposure at each 500 m pixel in the
resampled SRTM grid.

The 250 m resolution Dynamic Land Cover Dataset (Lymburner
et al., 2011), derived from Landsat and MODIS remote-sensing
data, was used to identify forested and exposed snow sites. Three
of the snow observation sites lie within open forest, while the
remainder of the sites lie within low-lying vegetation such as
alpine grass, sedges or pasture landscapes (Table 1). A binary veg-
etation classification derived from the land cover data (forest/
exposed) was used to discriminate sites to improve the perfor-
mance of the snow density model.

In this study, snow density, meteorological and landscape (PRR
and vegetation) data were used to develop the snow density
model. The snow density algorithm requires seasonal metrics
derived from the daily temperature and precipitation data in con-
junction with landscape metrics including vegetation cover, eleva-
tion, latitude and PRR. The SWE data were used for snow model
calibration and evaluation, and the snow depth data were retained
for model evaluation. The daily temperature and precipitation data
were also used as inputs to the snow models (TIMs) to produce
long-term daily snow density, SWE and snow depth estimates at
each of the snow observation locations.
3. Method

While the application and evaluation of TIMs in the Australian
snowfields generally follow common methods used in cooler snow
environments, the technique used to correct for snowfall
undercatch biases, the snow density model and its subsequent
application for snowmelt parameterisation in TIMs are all unique
features to this study and are introduced in this section.

3.1. Adjustments for snowfall undercatch biases

Precipitation gauges in snow-affected environments generally
underestimate total precipitation as a result of systematic under-
catch during winter (Legates, 1993). The degree of undercatch
increases with wind speed and can exceed 20–50% (Rasmussen
et al., 2012). The standard precipitation gauges installed through-
out the Australian alpine region do not have sufficient wind diffu-
sion structures to minimise these errors and large undercatch
biases are likely in the precipitation data.

Empirical relationships between precipitation undercatch at
snow-affected gauges and climate variables such as air temperature
and wind speed are commonly used to correct precipitation biases
(Fassnacht, 2004). While a near-surface wind-speed dataset has
become available for Australia (McVicar et al., 2008), these data have
not been evaluated in the complex terrain of the alpine regions,
where few direct wind-speed observations are available. Instead,
the precipitation undercatch errors were estimated using a mass
balance approach that uses concurrent in situ precipitation and
snow accumulation observations to estimate precipitation gauge
capture efficiency (CE) at each site. A CE of 0.5 indicates that only
50% of the accumulated snow observed on the ground was recorded
by the precipitation gauge and a CE of 1 reflects a total absence of
undercatch error. The mass balance technique is detailed in
Appendix A. The estimated CE’s were used to adjust the snowfall
component of the precipitation forcing data using Eq. (1).

PADJUSTED ¼ PRAIN þ PSNOW

¼ 1� Prs½Tmin�ð Þ � POBS þ
Prs½Tmin� � POBS

CE
ð1Þ

where POBS is the observed daily precipitation time series, PADJUSTED

is the corrected precipitation time series, Tmin is the daily minimum
air temperature, Prs is the probability of snowfall and CE is the esti-
mated catch efficiency (defined as 1 – undercatch) as determined
from Eq. (A1) in Appendix A. The method for estimating the proba-
bility of snow for each precipitation event is presented in Sec-
tion 3.2.1. Previous work has found that undercatch estimates
obtained from mass balance approaches compare relatively well
to those obtained from precipitation correction models that con-
sider wind effects (Carturan et al., 2012).

The sub-sample of SWE estimates that were used to estimate CE
were selected according to the limitations of the mass balance
technique (Appendix A). These data requirements prevented CE
estimation at two of the snow sites (9 and 10), reducing the num-
ber of temperature-index model sites to 13, and ultimately repre-
sented only a small fraction of the total SWE observations (<15% at
any one site). The SWE data that were used to inform precipitation
adjustments were excluded from the model evaluation calcula-
tions to avoid circularity issues. As a result, the presented model
evaluation and calibration statistics do not consider model perfor-
mance during large SWE accumulation events. To avoid skewing
the data used for model calibration simulations to favour the melt
season, all SWE data were used to inform model calibrations.

3.2. Temperature-index model (TIMs)

A temperature-index model was set up at each of the 13 snow
model sites with long observational records and adjusted precipi-
tation data (Fig. 1). Each model requires only daily temperature
(both minimum and maximum) and precipitation input data and
operates on a daily time step for the entire snow record period at
each site (Table 1). The model uses both precipitation and
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minimum air temperature data to generate snowfall accumula-
tions. The Rango and Martinec (1995) snowmelt parameterisation
scheme was selected as it incorporates the physical state of the
snow in melt estimation. The model was compared to a snowmelt
scheme used previously in the study region, which employs only
air temperatures to estimate snowmelt (Schreider et al., 1997).
Each of the two snowmelt schemes use a single melt parameter
to constrain the sensitivity of the snow pack. Snowmelt is gener-
ated as soon as air temperatures rise above 0 �C, without consider-
ation of cold content or snowpack ripening. Mean observed
temperatures at the soil-snow interface in the study region rarely
fall below 0.4 �C (Sanecki et al., 2006). The melt factors for both
snowmelt schemes were calibrated and evaluated at each site
using a split-sample calibration and evaluation process. The model
configuration and calibration process are detailed in the following
sections.

3.2.1. Snow accumulation
Following Schreider et al. (1997), daily snow accumulation A (in

mm), is a function of daily precipitation (mm), POBS and the tem-
perature-dependent probability of precipitation falling as snow
Prs[Tmin], where Tmin is the daily minimum surface temperature
(Eq. (2)).

A ¼ Prs½Tmin� � POBS ð2Þ

The probability of snow (Prs) for each day was approximated
from daily minimum temperature using the curve developed for
the region by Ruddell et al. (1990), who used over 16,000 observa-
tion days. From the non-linear probability curve, the probability of
snowfall reaches a maximum of 1 when daily minimum air tem-
peratures are below �3.0 �C, provides equal parts rain and snow
(Prs = 0.5) at 1.5 �C and rapidly declines after minimum air temper-
atures exceed 2.0 �C from a probability of 0.2 to near-zero proba-
bility of snow at 4.0 �C. The non-linear probability curve was also
used to separate the total daily precipitation into rain and snow
components for the undercatch adjustment (Section 3.1). The
probability-based method of estimating snowfall from total pre-
cipitation data is considered a more sophisticated method of esti-
mating snow accumulation than adopting a single temperature
threshold (for example, 0 �C), and may be an important distinction
in regions that experience a prevalence of mixed rain/snow precip-
itation, although this is not examined in this study.

3.2.2. Snowmelt parameterisation schemes
TIMs snowmelt schemes use air temperature as a proxy for con-

straining snowmelt and may be expressed generally by Eq. (3).

Mp ¼MF � ðTmean � TrefÞ ð3Þ

where Mp is the potential snowmelt (mm day�1), Tmean is the mean
daily air temperature, MF is the melt parameter (mm �C�1 day�1)
and Tref is a reference temperature above which melt starts to occur.
In this study Tref is set to 0 �C. The melt parameter is a crucial ele-
ment that constrains snowmelt rates and must be rigorously cali-
brated. Therefore, two alternative schemes for prescribing the
melt parameter both spatially and temporally are provided.

Scheme 1: Melt factor based on simulated snow density.
The Rango and Martinec (1995) method of melt parameter esti-

mation (Eq. (4)) draws on observed relationships between melt
parameter values and snow densities (DeWalle et al., 2002), and
provides a technique for incorporating the spatial and temporal
influence of snow properties on snowmelt dynamics. By allowing
the melt factor to increase proportionally with snow density, the
simple model provides some representation of the increasing ther-
mal conductivity and decreasing albedo that also occurs as snow
ages. The temporal representation captures the time-based
correlation between snow densification and snow albedo decay
processes, although the authors acknowledge that these processes
are not physically linked. These factors may be particularly impor-
tant in maritime snowfields with relatively high snow densities,
snow densification rates and interannual variability (Bormann
et al., 2013). The melt factor is described as:

MF ¼ k � qs

qw
ð4Þ

where the calibration coefficient k is set to 1.1 (mm �C�1 day�1) in
the source reference, qs is snow density (in g cm�3) and qw is the
density of water (assumed to be 1 g cm�3). To account for regional
differences, the parameter k is treated as a calibration constant in
the present study.

One of the major drawbacks with the Rango and Martinec
method of melt factor parameterisation is the reliance on regular
snow density observations. These observations are only available
at in situ point measurement sites and are not always recorded
variables. Density-time curves are commonly used to approximate
snow densities at catchment scales or in data poor regions
(Mizukami and Perica, 2008; Sturm et al., 2010). However, in mar-
ginal maritime snowfields the interannual variability in snow den-
sities can be significant, and mean density-time curves may not
capture important year-to-year variance (Bormann et al., 2013).
As such, a snow density model was developed to estimate daily
snow densities from climate-based variables. These density esti-
mates may be used to inform the Rango and Martinec method
for melt factor estimation in lieu of observations. The snow density
model predictions were compared to values from a density-time
curve that was obtained by applying a linear regression to the full
set of snow density observations, from all sites in the region
(n = 2970). The resulting density-time curve is expressed in Eq. (5).

qsd�t ¼ 0:001369 � doyþ 0:1095 ð5Þ

where qsd-t is the estimated snow density (g cm�3) and doy is the
day of year.

The foundations of the snow density model are the climate-
based multiple linear regressions (MLR) that have been used to
estimate spring snow densities in the study region in previous
work (Bormann et al., 2013). These MLR’s exploit relationships
between seasonal climate variables and the highly metamor-
phosed end-of-season snow pack properties, and are capable of
capturing some of the high interannual variability observed in
spring snow densities within maritime environments. The end-
of-season snow densities obtained from these existing MLR’s must
then be extrapolated at daily timesteps to the start of each season
to adequately inform the Rango and Martinec melt parameterisa-
tion. The current work presents a model to leverage daily snow
density estimates from the end-of-season values that may be
obtained from the MLR’s.

Early season snow density may be considered similar to ‘‘fresh’’
or ‘‘newly settled’’ snow density. In the study region, the snow den-
sity observations are typically obtained at 7–14 day intervals.
Therefore the observations correspond to ‘‘newly settled’’ snow
(with settling times �7 days on average) rather than true ‘‘fresh’’
snow. Chen et al. (2010) observed short-term densification rates
of fresh snow of 0.004 g cm�3

.h�1 from 5th hour after deposition
to the 291st hour (or 12.1 days). During 7 days (between measure-
ment dates), fresh densities are expected to increase from 0.01–
0.26 g cm�3 (Judson and Doesken, 2000) to 0.08–0.32 g cm�3. As
there was relatively low variability observed in ‘‘newly settled’’
snow densities in the region, a constant density of 0.26 g cm�3 at
June 1 (the start of the Austral winter) was adopted. The adopted
density for ‘‘newly settled’’ snow of 0.26 g cm�3 lies within the
expected range after initial settling.

The late and early snow density estimates provide two con-
straints on the seasonal snow density profile, for which a linear



Fig. 2. Schematic of snow density model. Both the solid and dashed lines represent
possible scenarios for simulated snow density profiles for varying estimated spring
snow densities (x). Note: June 1 is the start of Austral winter.
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snow densification rate between the two points was adopted. From
this linear profile, daily snow density estimates may be retrieved
(Fig. 2). The assumption of linearity for snow density with time
focuses the model to the long-term evolution of snowpack bulk
density throughout the entire snow season. Short-term influences
that add ‘‘noise’’ to the long-term snow density signal, such as
snowfall events and subsequent rapid compaction of fresh snow
(McCreight and Small, 2013), are not captured by the snow density
model presented in this study.

For this study the existing MLR’s that can be used to estimate
Australian spring snow density (Bormann et al., 2013) were further
enhanced to include all available data in NSW (increasing the num-
ber of snow density measurement sites from 4 in the previous
study to 17 (see sites in Table 1). The new enhancements increased
the spatial representativeness of the MLR’s by sampling a wider
range of sites and incorporating additional landscape inputs,
including:

(a) a potential relative radiation predictor variable (PRR);
(b) separate regressions for forested and exposed sites;
(c) removal of depth related predictor variables (maximum

depth and the interactive depth-temperature term), as they
will not be available during daily snowpack simulations; and
the

(d) extension of spring snow density date from September 1 to
October 1 to facilitate longer snow seasons at higher eleva-
tion sites.

Following Bormann et al. (2013), the annual climate predictors
used to derive the revised MLR’s were evaluated over winter
months only (JJA) with Tmax = maximum temperature (�C), log Pre-
c = log transform of the daily mean precipitation (cm day�1),
MRF = daily mean melt-refreeze events (events day�1), PRR =
monthly mean potential relative radiation, Elev = site elevation
(km) and Lat = absolute latitude. The MLR model predictor sets
were limited to five terms to reduce model complexity, and the
model coefficients were optimised using 10-fold cross-validation
as described in Hastie et al. (2009) to obtain best estimates
of model coefficient values and provide an indication of out-
of-sample model error. For more detail on climate predictor
derivation, cross-validation and the MLR model selection for spring
snow density estimation, refer to Bormann et al. (2013).
The snow density model (which uses the climate-based MLR’s
as a foundation) was then applied to each of the snow model sites
individually, to generate daily snow density estimates at each of
the 15 sites for the full simulation periods. As both the climate
and landscape inputs differ between sites, the model produces
different density profiles for each year at each site. These snow
density time series allow melt factors in the Rango and Martinec
scheme to vary both spatially and temporally.

Scheme 2: Melt factor based on air temperature.
In previous studies, Schreider et al. (1997) introduced an

albedo-related factor (Af) into the temperature-index model struc-
ture to account for the increasing melt rates that occur as snow
albedo reduces with snow age (Baker et al., 1990). The albedo-
related factor is determined from empirical relationships between
mean monthly temperatures and melt factors and were developed
specifically for the Australian snowfield region (Eq. (5)).

MpðiÞ ¼ MF � Tmean � Af ðmonth; TmonthÞ ð6Þ

where the albedo-related factor Af ðmonth; TmonthÞ is determined
from the mean monthly temperature.

Af ¼
Tmonth

12
þ 7

6
for March; April and May;

Af ¼
Tmonth

24
þ 12

13
for June; July and August;

Af ¼
Tmonth

8
þ 5

4
for remaining months:

Af defaults to a value of 1 if Tmonth < �2 �C, and MF is used as a
calibration factor.

Snowmelt Scheme 2 has been adopted in previous snow model-
ling studies in Australia (Hennessy et al., 2003; Schreider et al.,
1997; Whetton et al., 1996) and was included in the present study
for comparison and benchmarking purposes.

3.3. Model calibration and evaluation

The calibration and evaluation of model parameters was under-
taken using a split-sample technique, which involved dividing the
simulation periods at each site into two. The model calibration and
evaluation were conducted in two stages with: (a) the first half
used to calibrate or train the model parameters and the last half
reserved for model testing; and (b) the model calibration con-
ducted using the last half of the data and evaluation using the first
half of the sample. Observed variability in the Australian snow-
fields is relatively high and therefore a relatively long minimum
training period of 20 years was adopted to obtain a reasonable cal-
ibration at each site. There were sufficient data periods at all 13
NSW snow model sites (those with CE estimates) to use the
split-sample approach. The split-sample method results in differ-
ent training periods for each site, as the periods of record differ
slightly. Generally, the first half sample (hereby known as F50)
covers the period from the 1960s to the mid-1980s and the last half
sample (known as L50) starts in the mid to late 1980s and extends
to 2009. Actual periods for each site are included in Table 1.

Four evaluation statistics, including bias, mean absolute error
(MAE), root mean squared error (RMSE) and the coefficient of effi-
ciency (NSE), were used to determine optimum model parameters
(MF and k) through calibration at each site for each split-sample
period. The bias, MAE and RMSE were calculated following
Willmott and Matsuura (2005) and the NSE was calculated follow-
ing Nash and Sutcliffe (1970). During calibration, the evaluation
statistics were determined for a range of possible model parameter
values using all available SWE observations in each period (F50 or
L50). For each snowmelt scheme, the MF or k parameter that



Fig. 3. Sensitivity results showing all four evaluation statistic profiles for snowmelt
Scheme 1, at a single site. The red line reflects model efficiency (NSE) (right Y axis),
the blue lines represent MAE, bias and RMSE (left Y axis). The grey lines reference
zero on both axes and the green vertical lines indicate the potential melt parameter
values (at local minima/maxima). The optimum calibrated parameter value (2 in
this example) is marked with text. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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resulted in the lowest model error was extracted for each evalua-
tion statistic, providing four potential melt parameter values for
each snowmelt scheme. A graphical representation of the calibra-
tion results (Fig. 3) shows the error profiles for each evaluation sta-
tistic over the parameter ranges tested, where the potential
parameter values for each statistic occur at cost function global
minima or maxima (vertical green lines in Fig. 3). The optimised
calibration parameter that considers all four statistics, is obtained
by averaging the four potential melt factor values. Consequently,
the calibration factors vary between sites. In Scheme 1, the calibra-
tion parameter (k) physically represents the overall effect of
landscape characteristics such as elevation, aspect, solar exposure
and forest cover on snowmelt rates. In Scheme 2 the calibration
parameter (MF in mm �C�1 day�1) physically represents the same
landscape characteristics as well as snow pack properties. Model
evaluation using multiple cost-functions avoids limitations of
single evaluation statistics (Willmott and Matsuura, 2005) and
therefore provides more robust model calibration (Ritter and
Muñoz-Carpena, 2013).
Fig. 4. Simulated snow density profile (SIM – blue solid line) with snow density observat
and (b) high elevation Site 12 during a moderate snow year of 2003. (For interpretation
version of this article.)
After calibration, both snowmelt schemes were evaluated using
snow depths as well as the SWE data that were not used during the
precipitation adjustment for each split-sample. Scheme 2 has been
previously tested and calibrated using only snow depth observa-
tions (and not SWE) in the smaller Victorian snow fields which
lie �150 km south of the study region (Hennessy et al., 2008). Pre-
vious Scheme 2 evaluations adopted a constant snow density of
0.4 g cm�3 to convert simulated SWE to snow depth. Here, the
evaluation of Scheme 2 will be expanded to include both SWE
depths and snow depths in the larger NSW snowfields (study
region). The daily snow densities that were simulated for Scheme 1
were expected to improve SWE to snow depth conversions, and
therefore reduce errors in modelled snow depth.

4. Results

To assess the full benefit of the snow density model in inform-
ing snowmelt estimation, the model must first be evaluated
against the full set of density observations. The TIMs were then
evaluated for SWE and snow depth estimation, and finally
the spatial distribution of calibrated melt factor values was
examined.

4.1. Snow density estimation

The updated MLR’s for snow density estimation on October 1
(mid spring) provided slightly different relationships for exposed
and forested sites (Eq. (7)) than previous work (Bormann et al.,
2013). The simulated snow densities were still predominately
influenced by the previously identified predictors including eleva-
tion, seasonal precipitation and MRF events, although the new
MLR’s include the solar radiation exposure term PRR on exposed
sites.

qs EXPOSED ¼ 0:01095Tmax þ 0:0401 log �Prec� 0:1759MRF

þ 0:0007145PRR þ 0:19263 ð7Þ

qs FOREST ¼ 0:0374 log �Prec� 0:5471Elevþ 0:3767Lat

� 0:08750MRF� 12:1566

When the revised MLR models were evaluated against available
spring snow densities in September (n = 722), mean errors of
0.048 g cm�3 and an R2 of 0.22 were obtained. The MLR’s presented
in Bormann et al. (2013) produced a mean error between 0.029 and
0.043 g cm�3, (depending on snow type), and an R2 of 0.38
(n = 192). The updated MLR’s (Eq. (7)) produce similar mean errors
ions (OBS – black dots) at: (a) low elevation Site 13 during a low snow year of 1992;
of the references to colour in this figure legend, the reader is referred to the web



Fig. 5. Simulated and observed snow densities during June – September (inclusive) for the full period of record at all 15 snow observation sites from: (a) the snow density
model; and (b) regionalised density-time curve. Marker styles group the data into the three elevation bands of low (orange circles), mid (grey crosses) and high (blue squares)
and the red dashed line is the 1:1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Snow density model performance for three elevation bands.

No. of observations Snow density model Density-time curve

R2 Bias (g/cm3) MAE (g/cm3) R2 Bias (g/cm3) MAE (g/cm3)

All 2970 0.37* �0.004 0.055 0.34* �0.027 0.062
(14%) (16%)

Low elevation 867 0.22* �0.010 0.064 0.21* 0.050 0.076
(18%) (21%)

Mid elevation 1301 0.35* 0.001 0.056 0.30* 0.022 0.063
(15%) (16%)

High elevation 802 0.50* �0.005 0.044 0.57* 0.009 0.046
(11%) (12%)

Forest sites 748 0.44* �0.009 0.061 0.30* 0.042 0.076
(17%) (21%)

Exposed sites 2256 0.34* �0.001 0.053 0.36* 0.021 0.057
(14%) (15%)

High solar exposure 1101 0.26* �0.007 0.061 0.23* 0.043 0.071
(17%) (20%)

Low solar exposure 1865 0.41* �0.002 0.052 0.40* 0.017 0.057
(13%) (14%)

High wind exposure 321 0.46* 0.003 0.060 0.32* 0.000 0.073
(14%) (17%)

Low wind exposure 2649 0.34* �0.005 0.055 0.33* 0.030 0.061
(15%) (16%)

* Indicates statistical significance at the 95% level.
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to the previously published MLR’s for spring density estimation,
while incorporating over three times as many data points from a
much broader range of sites to the previous work. The increased
site variability represented in the present study may contribute
to the observed correlation reduction. The absolute errors indicate
that the revised MLR’s are comparable to those presented previ-
ously (Bormann et al., 2013) and are considered to be within
acceptable error limits.

An assumption of the snow density model (Fig. 2) was that the
seasonal profiles were relatively linear from June 1 to October 1
(start of winter to mid spring). While this assumption is reasonable
in most seasons, complex snow density profiles were observed at
low elevation sites, which violated the assumption of linearity. At
these sites, mid-season snow disappearance that was immediately
followed by low snow densities when the pack was reformed with
new snow was observed. The mid-season low snow densities that
are associated with intermittent snow packs were partially cap-
tured with a simple ‘‘reset’’ of the snow density model back to
the ‘‘newly settled snow’’ density constant (0.26 g cm�3) when
the snow depth reached zero. The ‘‘reset’’ feature also allowed
the snow density model to delay snow densification until the snow
pack actually formed, which may be well after the arbitrary start
date (June 1) in low snow years and at low elevation sites as
highlighted in Fig. 4a. The difference in seasonal densification rates
between the two sites is apparent in Fig. 4 and is one of the
strengths of the snow density model.

With overall biases of �0.004 g.cm�3 and mean absolute errors
of 14%, the snow density algorithm performed relatively well com-
pared to the full set of snow density observations (during June –
September, inclusive) as shown in Fig. 5a. The model performance
increased linearly with elevation (R2 = 0.45 at the 95% significance
level, not shown). The poorer performance of the model at low ele-
vation sites is clear when the evaluation is confined to the three
elevation bands (Table 2). Snow densities are best estimated at
high elevations (>1800 m), in forested areas rather than exposed
slopes and at sites with low solar exposure (Table 2), which



Table 3
Simulated SWE (mm) calibration and evaluation statistics.b

Snowmelt 
scheme

Statistic 
(mm)

All sites (n=13)

F50 
Calibration*

L50 
Evaluation*

L50 
Calibration

F50
Evaluation 

1 

Bias
All 

Accum.
Melt

-26.2 
-7.6% 
-4.9% 

-16.3%

-27.5
-8.3% 
3.7% 

-22.8%

-34.1
-10.3% 
0.2% 

-24.7%

-3.5
-1.0% 
0.3% 
-7.1%

MAE
All 

Accum.
Melt

113.2 
32.8% 
37.1% 
42.7%

115.5
34.7% 
42.7% 
42.7%

100.4
30.2% 
38.0% 
36.1%

135.7
39.3% 
42.4% 
51.1%

RMSE 206.5 183.2 158.1 249.6

R2 0.71 0.71 0.77 0.63

2 

Bias
All 

Accum.
Melt

-27.7 
-8.0% 
-7.1% 

-14.9%

-24.1
-7.2% 
4.5% 

-20.6%

-36.9
-11.1% 
-0.6% 

-25.4%

-14.3
-4.1% 
-2.6% 

-10.3%

MAE
All 

Accum.
Melt

110.7 
32.1% 
35.7% 
42.8%

117.5
35.3% 
42.9% 
44.3%

103.8
31.2% 
38.1% 
39.1%

129.9
37.6% 
40.8% 
50.3%

RMSE 206.5 188.5 164.9 241.7

R2 0.72 0.70 0.76 0.64

a The table shading groups the simulations by melt parameter values, where calibration parameters determined during the F50 period were used to evaluate the model in the
L50 period. The values in bold represent absolute values of bias or MAE (in mm) for all data, which includes both the accumulation and the melt phases.

b Evaluation statistics exclude SWE data that was used to estimate snowfall undercatch.

Fig. 6. SWE evaluation at all sites (L50 evaluation results). The results for Scheme 2 were omitted as there was little difference between the two snowmelt schemes for SWE
estimation. The marker styles reflect elevation (a) of which are described in Fig. 5 and aspect (b). In (b) the blue crosses represent north east facing slopes (NE), the grey circles
represent south east facing slopes (SE), the black asterisks mark south west facing slopes (SW) and the orange squares identify north west facing slopes (NW). (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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suggests that the precipitation term in the MLR has considerable
influence. The snow density model provides improved snow
density estimates with overall bias values that are an order of mag-
nitude lower than those obtained from a regionalised density-time
curve (Fig. 5b and Table 2).

The density-time curve does not account for interannual vari-
ability, which contributes to the broader scatter in Fig. 5b as well
as the ‘capped’ spring snow density at �0.49 g cm�3 (correlating
to the last observation date of each season in mid-spring near
October 4). The annual variability in seasonal density error statis-
tics is reduced by 36% when interannual variability is considered,
from 0.0038 g cm�3 for the density-time curve to 0.0028 g cm�3
for the density model. The reduced variance in interannual error
suggests that the ability of the snow density model to respond to
annual variability is important. The further reduced skill of the
density-time curve at low elevation sites is clear in Fig. 5b. Overall,
the snow density algorithm is considered capable of providing
realistic snow density estimates, beyond the capability of regiona-
lised density-time curves, to the Scheme 1 within the TIMs.

4.2. SWE estimation

The snow model generally captures the SWE depth variability
across the region (13 sites) with model biases between �3.5 and



Table 4
Simulated snow depth (mm) calibration and evaluation statistics.

Snowmelt 
scheme

Statistic 
(mm)

All sites (n=13)

F50 
Calibration*

L50 
Evaluation*

L50 
Calibration

F50 
Evaluation

1 

Bias
All 

Accum.
Melt

39.8
5.1% 
15.3% 
-9.2%

36.7
4.7% 
16.4% 
-12.8%

22.9
3.0% 
13.3% 
-14.5%

90.4
11.5% 
20.5% 
0.3%

MAE
All 

Accum.
Melt

271.5
34.5% 
42.2% 
42.6%

291.3
37.6% 
46.9% 
43.8%

259.8
33.6% 
42.0% 
8.3%

321.5
40.6% 
47.5% 
51.4%

RMSE 441.5 440.0 393.1 541.2

R2 0.73 0.67 0.73 0.64

2 

Bias
All 

Accum.
Melt

66.1
8.4% 
6.5% 
13.0%

73.2
9.5% 
12.1% 
9.0%

43.7
5.7% 
7.6% 
3.8%

97.4
12.3% 
10.0% 
18.8%

MAE
All 

Accum.
Melt

294.2 
37.4% 
40.0% 
55.3%

318.8
41.2% 
46.9% 
55.7%

287.5
37.2% 
42.0% 
51.0%

340.5
43.2% 
44.2% 
65.3%

RMSE 545.4 499.7 455.6 632.0

R2 0.74 0.70 0.74 0.66

a The table shading groups the simulations by melt parameter values, where calibration parameters determined during the F50 period were used to evaluate the model in the
L50 period. The values in bold represent absolute values of bias or MAE (in mm) for all data, which includes both the accumulation and the melt phases.

Fig. 7. Snow depth evaluation results at all sites for Scheme 1 (left) and Scheme 2 (right) during the L50 period. The marker styles reflect elevation and are described in Fig. 5.
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�27.5 mm (or �1% to �8%) and MAE’s between 100.4 and
135.7 mm, with little difference between the two snowmelt
schemes (Table 3). Model performance was generally better during
the snow accumulation phase (i.e. June – August) with mean eval-
uation biases of 2% compared to values of 15% during melting
(Scheme 1). The model biases were generally low during the F50
period in both calibration and evaluation simulations (1960s to
mid to late 1980s). Across the entire region, the modelled SWE
estimates are generally centred about the observations for all val-
ues of SWE providing an R2 = 0.71 (the L50 evaluation plots are
shown for example in Fig. 6a). At SWE depths less than 800 mm,
the model may provide significant underestimates. Many of these
underestimates are observed on equator-facing slopes that receive
afternoon sun (NW), as can be seen in Fig. 6b. In contrast, slopes
facing southwest (SW) are less exposed to direct solar radiation
and show very low SWE biases (1%).
4.3. Snow depth estimation

In contrast to the previous section, the evaluation of simu-
lated snow depths at all sites highlight important differences
between the two snowmelt schemes (Table 4). While the snow
model tends to overestimate snow depths for both snowmelt
schemes, Scheme 1 biases of 37–90 mm were at least 7–50%
lower than values for Scheme 2. The largest errors in Scheme 2
were observed at large snow depths and maximum seasonal
SWE (at low elevation sites) (Fig. 7), where snow density errors
from the assumed constant density of 0.4 g cm�3 had the great-
est impact during conversion from SWE. With negative SWE
biases for both schemes, the general overestimation in snow
depth reflects the general underestimation of snow density (neg-
ative snow density biases, Table 2). These results confirm the
expected benefits of the snow density model for SWE to depth



Fig. 8. Temporal variability in the annual mean model bias (SWE – relative to maximum annual observed SWE) for all sites for both snowmelt schemes (solid lines –
Scheme 1 = blue and Scheme 2 = orange). The horizontal dashed lines show the mean annual biases. For reference, the maximum annual observed SWE is included (thin
dashed line). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 5
Mean calibrated melt parameters for two different training periods (PADJUSTED).

Snowmelt
scheme

Melt factor % Difference

First half training
period (F50)

Last half training
period (L50)

Scheme 1 (k) 2.73 2.57 6
Scheme 2 (MF) 10.45 9.66 8

Mean 7
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conversion. Scheme 1 tends to overestimate snow depths during
the accumulation phase and underestimate snow depths during
snowmelt, which suggests that the underestimation of snow
densities from the density model occurs mostly during snow
accumulation. The differences between the snowmelt schemes
for snow depth estimation are most prominent when the pack
experiences intermittent snowmelt throughout the season, rather
than at the end of the season when snowmelt is rapid and the
schemes converge.
Fig. 9. Relationship between calibrated melt factors at each site (averaged between F5
linear regressions shown calculated using all data for each site and are significant to the
4.4. Spatial and temporal variability in model performance

Quite different annual SWE profiles were observed between
model sites, from the patchy and intermittent snow cover at sites
near the snowline (1, 2 and 13), to the more consistent seasonal
snow profiles at high accumulation sites at the top of the range
(4, 5 and 15). On a site-by-site basis, a range of performances were
observed with R2 values ranging from 0.56 to 0.84 at 10 of the eval-
uation sites. Reduced performance at the remaining sites (1, 2 and
13) was observed with R2 values of 0.24–0.52. These three sites
experience low SWE accumulation (generally < 400 mm maxi-
mum), high solar exposure and intermittent snow cover and are
responsible for the reduced snow model performance at low SWE
depths.

The annual performance of the snow models for SWE estima-
tion for the full data record (F50 and L50) is presented in Fig. 8.
The maximum deviation in model performance from the mean
occurred in years 1968, 1973, 1975, 1977, 1998 and 2004. The lar-
ger deviations in model performance during these years highlight
the interannual variability experienced in the Australian snow-
fields and the challenges of snow modelling in the region. A weak
0 and L50 calibration periods) and elevation for both snowmelt schemes. The bold
95% level. The thin linear regression lines represent each leave-one-out realisation.
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negative correlation was observed between annual model biases
and SWE depth, as the model tended to overestimate SWE during
low snow years and underestimate SWE during high snow years.
4.5. Physical representation of calibrated melt factors

When the snow models were calibrated during the first half of
the observations (F50), the mean melt factor values were �7%
higher than those obtained when the model was calibrated on
the second half of the observations (L50) (Table 5). The relatively
small shift in optimum model parameters between calibration
periods indicates that optimum model parameters are not
completely stable through time.

Statistically significant negative correlations were observed
between calibrated melt factors and elevation for both snowmelt
schemes and precipitation forcing data (R2��0.80 and �0.39 for
POBSERVED and PADJUSTED respectively at a 95% significance level, with
p values <0.043). The regression correlations are shown in bold in
Fig. 9. Weaker correlations (R2 < 0.34) were observed between two
of the other physical landscape features: transformed aspect (as
defined by Jost et al. (2012)) and potential relative radiation. The
relationships between melt factors and elevation were stronger
when precipitation undercatch biases were uncorrected
(POBSERVED), with R2 = 0.78–0.83 compared to R2 = 0.35–0.43
(PADJUSTED), which may reflect the increased spatial variability in
calibrated melt factor values when terrain influences on snowfall
undercatch are incorporated across highly variable terrain. The
precipitation adjustment also addresses the structural elevation-
dependent biases that are associated with higher snow to rain
ratios and the likelihood of stronger wind speeds with increasing
elevation. The robustness of these relationships was examined
using leave-one-out cross validation (as shown by the thin linear
regressions shown in Fig. 9) in order to estimate the error in cali-
bration factor that might occur at locations beyond calibration
sites. The mean error in calibration factor ranges from �5.9% to
20.0% for Scheme 1 and �2.1% to 22.6% for Scheme 2, with the larg-
est errors observed for the PADJUSTED relationships due to increased
scatter and the removal of structural biases in the precipitation
data. For both schemes, the calibrated melt factor values from
the PADJUSTED simulations were 150–200% higher than those from
the POBSERVED simulations (Fig. 9), which highlights the significant
influence of precipitation data errors on snow model calibrations.
5. Discussion

5.1. Snow density modelling

The climate-based snow density algorithm presented here
extends previous methods for spring snow density estimation to
provide an alternative to the compaction-based methods that
appear in many models (Anderson, 1976; Essery et al., 2013; De
Michele et al., 2013) for the simulation of daily snow densities.
These existing compaction-based methods are routinely based on
spatially limited observational data (Essery et al., 2013). As the
snow density algorithm developed in this paper is capable of
responding to climate variability, resilient estimates are expected
in regions where conditions differ from calibration data or those
with high climate variability. The snow density model outperforms
the regionalised density-time curve that was generated for the
study area, which despite omission of interannual variability, have
successfully been used in other regions (Sturm et al., 2010). The
model does not consider short timescale variability associated with
fresh snowfall (McCreight and Small, 2013), and instead focuses on
the long-term evolution of the pack. Periods of high variability in
snow density, such as those observed during the start and end of
each season (Bormann et al., 2013) or during intermittent snow
cover, along with variability at fine temporal scales (McCreight
and Small, 2013) may explain much of the scatter that is observed
in Fig. 5. These periods are more prevalent at low elevation sites
and sites with high solar exposure, which can explain the reduced
performance of the snow density model in these situations
(Table 2).

With mean absolute errors of 0.055 g cm�3 (14%) the snow den-
sity model compares well to alternative statistical methods of
snow density estimation reporting errors of 0.045 g cm�3 (Jonas
et al., 2009). The model performs best at forested sites and sites
with low solar exposure (Table 2), which suggests that solar radi-
ation may be important for snowpack densification processes
along with precipitation, snow depth and melt-refreeze. As the
snow density model requires only landscape and meteorological
inputs, the model may be applied spatially to produce daily snow
density fields. An important advantage of the snow density model
is that snow observations are not required. The present study dem-
onstrates the use of simulated snow densities for snow model
parameterisation and highlights the benefits of improved density
estimates in SWE/snow depth conversions. However, these types
of snow density estimates may also be useful for those looking to
improve SWE estimates from remotely sensed snow depth
observations.

5.2. Snow modelling challenges in maritime snow environments

Model evaluations of TIMs are often made using runoff hydro-
graphs rather than direct comparisons with SWE observations
(Butt and Bilal, 2011; Debele et al., 2010). From the limited number
of studies for which direct comparisons may be made, the SWE
MAE errors of 115–138 mm obtained in this study are considerably
larger than those obtained for other applications of the tempera-
ture-index model in Canada of 33–48 mm (Jost et al., 2012), and
25 mm across multiple sites in the US (Todd-Walter et al., 2005).
Likewise, the NSE statistics at the three well-monitored sites (6,
12 and 13) of 0.42 on average are considerably lower than those
generally obtained in northern hemisphere regions of 0.83 (Jost
et al., 2012). Mean bias errors of �15 mm fall slightly outside the
range of previously reported biases in these studies of �11.2 to
+7.8 mm, indicating that the increased errors are not from system-
atic biases and are likely from the interannual deviations.

The larger model errors may arise from: (a) high variability in
energy balance components and dominant snowmelt processes;
(b) remaining uncertainty in the adjusted precipitation data; or
(c) skewed SWE evaluations to the melt phase of the season caused
by excluding the accumulation events that were used to estimate
catch efficiency. Firstly, the TIMs rely on the information content
of near surface air temperatures to constrain snowmelt rates, and
therefore imply a constant relative contribution of energy balance
components (sensible and latent heat fluxes) (Lang and Braun,
1990). In the highly variable maritime snow environment charac-
teristic of Australian snowfields, dominant snowmelt processes
may vary intra- and inter-annually and contribute to unsystematic
variability and reduced skill in these regions (Debele et al., 2010).
The poorer performance of the TIMs on NW slopes, equator-facing
slopes with afternoon solar exposure, and conversely the higher
performance on SW slopes confirm previous studies that show
near surface air temperatures are less useful for snowmelt estima-
tion when solar radiation exposure is high (Sicart et al., 2008).

Secondly, the results presented in Fig. 9 show that model cali-
brations are sensitive to changes in precipitation forcing. Raleigh
and Lundquist (2012) also highlight the importance of precipita-
tion errors at low-lying snow sites near the snow-rain transition
line, which confirm the challenges of snow modelling in warmer
maritime environments. Finally, the model generally performs
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better during the accumulation period (Table 3). By excluding 15%
of the available SWE observations during accumulation events
>50 mm (see Appendix A), the overall SWE evaluation is conducted
using an increased proportion of observations taken during the
melt phase. Therefore, the values presented in Table 3 may be
considered conservative estimates of actual model performance.

5.3. Choice of snowmelt scheme in warm maritime environments

For SWE estimation, the differences between the two schemes
were small. The sites with least discrepancy between the snow-
melt schemes were at low elevations, where snow accumulation
was low and the snow disappeared very quickly once melting
started to occur. Over such short time scales the choice of snow-
melt scheme becomes far less important than other factors. Previ-
ous studies that compare snowmelt schemes in TIMs have found
larger differences between schemes for SWE estimation, which
have largely been attributed to melt factor discrepancies (Hock,
1999). In this study the melt factors provided by the air-tempera-
ture based method (Schreider et al., 1997) differ from those
obtained through the density-based method (Rango and
Martinec, 1995). The difference in melt factors was largest during
snow accumulation months (June and July) where far less variabil-
ity in melt factors was obtained from the air-temperature based
method. Much smaller differences in melt factors between the
two schemes were observed during spring (September) when the
snowpack is losing mass rapidly.

The introduction of a more physically-based snowmelt param-
eterisation into the TIMs using Scheme 1 was expected to improve
snow model performance by appropriately enhancing daily melt
rates during warmer years, where the snowpack is more likely to
be ‘‘ripe’’ for melting throughout the season despite cold content
not explicitly being considered by the model. Instead, SWE profiles
for the two schemes were very similar and did not reflect the
observed discrepancies in melt factors between the schemes.
While the details of the snowmelt schemes in the present study
differ from previous work, the results suggest that the choice of
snowmelt scheme in warm maritime environments is much less
important for SWE estimation than other factors, such as the qual-
ity of meteorological inputs and regional calibration. These results
do not support future efforts to improve snowmelt estimation in
TIMs for maritime environments with melt algorithm
modifications.

5.4. The impact of precipitation and climate forcing on model
parameters

The problem of snowfall deficiencies in precipitation data is not
uncommon (Rasmussen et al., 2012) and was observed in the station
precipitation data from the NSW alpine region. The precipitation
errors due to undercatch were estimated to be as much as 56% at
the high elevation sites and �20–30% at mid-elevation sites. The
magnitude of these precipitation errors is within the range of previ-
ously documented undercatch errors in general (Rasmussen et al.,
2012), and across an elevation gradient (Fassnacht, 2004). A simple
multiplication factor applied to the probability-based snowfall com-
ponent (PSNOW) of the precipitation observations (based on Tmin)
proved useful in correcting these precipitation undercatch errors,
reducing SWE biases in the snow model from �12% to 2% (or �50
to +9 mm for POBS and PADJ respectively). Precipitation undercatch
corrections based on mass balance techniques have previously dem-
onstrated agreement with aerodynamic precipitation correction
models and have been used to improve modelling in glacial catch-
ments in Italy (Carturan et al., 2012).

The present study shows that precipitation undercatch biases
also significantly influence calibrated melt factor parameters.
During model calibration, melt factors are generally optimised
for model performance and resulting calibration parameters may
partially compensate for all sources of model error, including forc-
ing data biases and model structural errors (Stisen et al., 2012).
Results from this study suggest that broad-scale climate factors
may also influence model calibrations, with a shift in optimum
model parameters of 7% between the split-sample periods.
Climatologically, the F50 calibration period was more likely to be
‘wetter’ than the L50 period due to a higher prevalence of
La-Niña-like conditions, negative phase of the Southern Annular
Mode (which brings the westerly storm track closer to the moun-
tains) and prevailing drought conditions during the 2000s (Chubb
et al., 2011; Van Dijk et al., 2013). These large-scale climatological
features may have contributed to the slightly higher melt factor
values obtained for the F50 period, where more winter precipita-
tion resulting in deeper snowpacks and increased cloudiness
during the F50 period would require increased snowmelt rates to
deplete the snow pack rapidly during the spring melt, particularly
at higher elevation sites. With increased cloudiness, the solar radi-
ation component of the energy balance would be reduced. These
results confirm previous suggestions that wet and dry years have
a role in TIMs calibrations (Kumar et al., 2013) and may be a
response to energy balance components and dominant snowmelt
processes.

After appropriate snowfall adjustments, the mean calibrated
melt factor values for the region, generally exceed the typical val-
ues previously obtained in northern hemisphere studies by
�6 mm �C�1 day�1 (Scheme 2) and 1.5 (Scheme 1). Previous stud-
ies for the region using snowmelt Scheme 2 employ a spatially
and temporally constant melt factor of 2.9 mm �C�1 day�1 that
was generated at a single site in NSW (the mid-high elevation
well-monitored Site 12) (Schreider et al., 1997; Whetton et al.,
1996). The results presented here suggest that the previously
adopted value at this site was too low and a melt factor closer to
8.4 mm �C�1 day�1 would be more appropriate. The reason for
the melt factor underestimation in the previous studies may be
attributed to the unaccounted precipitation undercatch. A lower
melt factor of 2.2 mm �C�1 day�1, which is much closer to the value
adopted by these previous studies, was obtained through calibra-
tion in the present study when the unadjusted precipitation input
data were used (POBSERVED). The spatial variability in melt factors
presented here also indicate that the previously adopted spatially
constant melt factor of 2.9 mm �C�1 day�1 may be improved to bet-
ter represent spatial variability in snowmelt, as acknowledged by
the previous authors.

Recent studies have highlighted the importance of spatial vari-
ability in melt factors in TIMs (Kumar et al., 2013). These studies
strongly support the development of methods for spatial distribu-
tion of melt parameters beyond calibration points as an essential
component of catchment-scale snow models. The negative rela-
tionship between elevation and calibrated melt factors (Fig. 9) is
crucial for parameterising spatially-distributed TIMs. Interestingly,
the negative relationship derived from the model calibrations dis-
agrees with the conceptual model provided in Hock (2003), which
indicates higher melt factor values with elevation. Hock (2003)
provides a large table of documented melt factors across a range
of glacial and non-glacial sites. Using this data, we have plotted
melt factor against elevation and confirmed that the relationship
is positive (as the conceptual model indicates). However, for non-
glacial sites the relationship is negative and is consistent with
the results presented in our manuscript. Since Hock (2003) only
provides non-glacial information for two sites, we extended this
test analysis to include results from several other non-glacial stud-
ies (Lang and Braun, 1990; Hodgkins et al., 2012; DeWalle et al.,
2002 and Rango and Martinec, 1995). When all the data from these
studies were collated, we confirm that the relationship remains



Fig. A1. Schematic of the mass balance correction technique for estimating precipitation undercatch at snow-affected observation sites. Px represents the total snowfall depth
between t0 and t1 if undercatch error was zero.
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negative between melt factor values and elevations at non-glacial
sites (R2 = 0.30, p = 0.02 not shown). Bare ice has a much lower
albedo than snow and will therefore absorb more solar energy.
As solar radiation absorption is the primary driver for snow/ice
melt, it is reasonable to expect different melt dynamics at glacial
and non-glacial sites.

Reported melt parameters from previous studies should be
interpreted with caution as input data biases and model structural
errors are not commonly reported, and substantial changes in melt
factors obtained through calibration may be obtained for relatively
small input data errors. The results presented here show that the
relationship between elevation and calibrated melt factors is
robust and errors in melt factors of �5.9% to 22.6% may be
expected beyond calibration locations. The impact of this magni-
tude of errors on simulated SWE may, in part, be inferred from
the split-sample calibration results, where a difference of 11–14%
in calibration factor between F50 and L50 (Table 5) yields TIMs
SWE biases of up to 29.8 mm (Table 3). The results also provide
an indication of the magnitude of melt factor changes that may
occur with typical precipitation undercatch errors.

It is important to note that while precipitation undercatch can
have a significant influence on SWE simulations, air temperature
measurements in snow-affected areas can incur mean daily biases
of +0.6 to +2.2 �C due to radiative heating (estimated from informa-
tion presented in Huwald et al., 2009). Measurement biases from
typical air temperature sensors over snow packs vary with wind
speed and solar radiation exposure and as such can vary consider-
ably throughout the day. Adjusting daily air temperature data to
account for these biases is desirable, but opportunities are limited
in data-sparse regions without independent measurements that
are unaffected by radiative heating. If air temperature biases were
considered, the calibrated melt factor values would likely reduce to
account for the increased melt forcing, while optimising model
performance. Note that Raleigh and Lundquist (2012) find that in
the maritime snowfields of the western US, forward-type models
(such as the TIMs presented in the present study) are more sensi-
tive to snowfall forcing, which is a combination of both precipita-
tion and temperature inputs.
6. Conclusions

With point-based models operating for at least 39 years at 13
sites that were located throughout the NSW snowfields in Austra-
lia, this study provides one of the most comprehensive modelling
efforts for the region and contributes towards snow model testing
in warm maritime environments. The present study builds on
existing techniques for end-of-season snow density estimation to
provide a method for obtaining daily snow density estimates that
outperform density-time curves in the Australian region. One of
the main advantages of the enhanced snow density model is the
capability to incorporate important interannual variability and
improve SWE to depth conversions. The climate based snow den-
sity technique may therefore be of use in maritime snowfields in
other regions where interannual variability in snow properties
can also be high or where snow observations are limited. Model
parameters would likely require recalibration in areas outside
NSW.

The choice of snowmelt scheme was found to be less important
than other factors for SWE estimation in the warm maritime envi-
ronment due to rapid snowmelt. However, improved snow depth
estimates were obtained when the daily snow density model was
used to inform SWE to depth conversion compared to using regio-
nal climatologies. The extension of the model evaluation metric
from SWE to snow depth is an important aspect of rigorous model
testing in the region that allows model development to be
expanded to areas with only snow depth measurements. Consider-
able spatial distribution of melt factors was also observed, reflect-
ing the variability of snowmelt sensitivities when overall solar
radiation is high. The calibrated melt factors show a large sensitiv-
ity to precipitation forcing and a correlation with elevation and to a
lesser extent potential solar exposure. These types of relationships
are essential for spatial application of such models. While the pres-
ent study demonstrates the use of the snow density model for
parameterisation of a temperature-index snow model, the model
may be useful to those interested in other aspects of snow research
such as SWE/snow depth conversions.
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Appendix A

The mass balance approach estimates precipitation undercatch
by assuming that observed SWE accumulation depths should rec-
oncile with observed total precipitation, if all falling precipitation
is captured by the gauge and air temperatures are below freezing.
Therefore any precipitation deficit during these conditions may be
attributed to undercatch error as presented in Fig. A1. The ratio of
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observed total precipitation and SWE accumulation depths over a
common time period provides an estimate of the undercatch,
expressed as gauge catch efficiency ratio (CE) (Eq. (A1)).

CE ¼
Pt1

t0P
SWEt1 � SWEt0

ðA1Þ

where
Pt1

t0P is the sum of daily precipitation between snow
observations at dates t0 and t1 (where t0 is the date at which snow
accumulation commenced and t1 is when the snow accumulation
ceased) and SWEt1–SWEt0 is the observed SWE change between
these dates. A CE value of 0.5 indicates that 50% of the total precip-
itation observed on the ground (as SWE) was uncollected by the
precipitation gauge, and a CE of 1.0 indicates complete precipitation
collection. Fig. A1 provides a schematic of the mass balance
correction technique.

The mass balance technique estimates the CE achieved at the
precipitation gauges during snowfall days (i.e. when mean air tem-
peratures were below freezing). The SWE observations were
collected at irregular intervals during winter (measurements
obtained at 7–14 day intervals) and as such the mass balance was
applied at irregular time steps. The SWE accumulation observed
between two observation dates may be the cumulative result of
several precipitation days or events. To account for multi-day time
steps, the daily precipitation was summed over the entire interval
between SWE observation dates. At low SWE depths or when
SWE accumulations between measurements were small and
SWEt1–SWEt0 ? 0, the signal to noise ratio for SWE accumulations
is expected to be high. Similarly, as the time interval between SWE
observations increases, the cumulative impact of factors such as
sublimation, evaporation and mid-period snowmelt occurring
between SWE measurements increases. To minimise these two
potential sources of error, the CE calculations were only performed
for events where SWE accumulation between the two observation
dates were greater than 50 mm and the interval between observa-
tions was shorter than 14 days. These limitations both increased
the signal to noise ratio and reduced potential sources of error,
and were optimised during an iterative sensitivity analysis.

After the SWE accumulation and time thresholds were used to
mask the data, any CE values that were calculated for single snow
accumulation events (t0–t1) that were greater than 1.0 (�20% of all
events) were omitted, as this suggests that other processes (other
than undercatch) were also influencing the mass balance. The
sub-sample of SWE estimates based on these criteria resulted in
the mass balance analysis using only a small fraction of the total
SWE observations (<15% at any one site) to inform precipitation
adjustments. The estimated CE values ranged between sites from
0.54 to 0.78 (with a mean of 0.63 across all sites), and were used
to adjust the daily precipitation data at each site (Eq. (1)). As the
catch efficiencies were only determined for days when snowfall
was expected (Tave < 0 �C), the observed precipitation records
(POBSERVED) were only adjusted on days when mean temperatures
were below freezing.
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