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a b s t r a c t
A new daily snow cover dataset was developed using Moderate resolution Imaging Spectroradiometer
(MODIS) Level-1B products for the Australian alpine region over the period 2000–2010 at 500 m resolution. The dataset has been evaluated during clear-sky conditions using snow detection estimates derived
from Landsat Thematic Mapper (TM) data and has been compared to the MOD10_L2 snow cover products.
The ability to customise the snow detection threshold is one of the beneﬁts of developing the Melt Area
Detection Index (MADI) approach for regional conditions. The dataset provides a new satellite based observational record that may be used to characterise spatial and temporal development of Australian snow
cover extent and duration. The new snow cover observations provide insight into snow characteristics in
this region where signiﬁcant declines in snow cover extent, season duration and a shift towards earlier
snow melt date are observed. Shifts towards early season melt dates are observed for snow at 1580 m
and above. This includes areas which are pertinent to snow recreation activities in the region. Season
length declines are attributed to earlier seasonal snowmelt rather than later season onset and may be
linked to observed warming trends in the area. The MODIS based approach can be applied to other regions
and other sensors to assist in evaluating snow modelling efforts and improve water resource management
and snow hydrology based investigations.
© 2012 Elsevier Inc. All rights reserved.

1. Introduction
Snow affected areas around the world have been identiﬁed as
being particularly ‘vulnerable to future climate change’ (Hughes,
2003). The potential for a shift towards a warmer climate (Allison
et al., 2009; Solomon et al., 2007) has raised concerns regarding
the impact of temperature related changes on water supplies downstream of alpine regions (Adam et al., 2009; Barnett et al., 2005;
Beniston, 2003; Rango, 1992). These issues are of considerable consequence in otherwise water limited environments, of which the
Murray–Darling basin in Australia, the Colorado basin in the US
and the Ganges–Brahmaputra–Meghna basins in Asia represent
prime examples. Like many regions situated downstream of snow
prone areas, the snowmelt contributions to runoff in south-east
(SE) Australian waterways are regionally important for the delivery
of water resources to agriculturally intensive areas (Green, 1998;
Schreider et al., 1997; Stewart et al., 2004). Catchments within the
snow affected areas produce up to 21% of the total available annual
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surface water across the entire one-million square kilometre
Murray–Darling Basin (CSIRO, 2008).
Although snow melt represents a considerable contribution to
annual ﬂows, Australia does not have a formalised snow data network. Snow related observations comprise almost entirely of insitu measurements that are collected and maintained by electricity
generating hydro-schemes and tourist driven ski-ﬁeld operations.
These data are spatially distributed in an ad hoc manner (Lee et
al., 2008) and are generally situated on prominent SE facing slopes,
or other areas that receive high natural snow cover and experience
greater snow persistence (Costin et al., 1961). As a result, the data
network is inherently homogeneous, unrepresentative of spatial
variability, unsuitable for characterising Australian snow cover extent and difﬁcult to use for model evaluation purposes.
Previous snow hydrology and climate change research in Australia has relied on empirical snow melt-accumulation modelling based
on a simple temperature-index approach, in conjunction with terrain
information to estimate snow cover extent (Hennessy et al., 2003;
Hennessy et al., 2008; Schreider et al., 1997; Slatyer et al., 1984;
Whetton et al., 1996). These studies suggest that global warming
will change this area from a seasonally snow-covered regime to a permanently snow-free regime, with unknown consequences for the
local meteorology (Evans et al., 2011). Recently, regional climate simulations that use a more physically based approach with sufﬁcient
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resolution to capture the Australian snow ﬁelds have become available (Evans & McCabe, 2010). Limited snow cover observations
have prevented rigorous spatial evaluation of snow simulations developed during these studies. More comprehensive snow cover data
are required to allow characterisation of the spatial extent of snow
throughout snow affected catchments in Australia. Such a dataset
would not only allow improved understanding of the underlying
physical processes within these models, but also provide a basis
from which assessment of future changes in snow duration and extent could be made. It will also facilitate studies into the local snow
impact on land-atmosphere coupling which has been recognised as
a research priority (Evans et al., 2011).
Data scarcity in snow and ice covered areas is not a new problem
and remote sensing observations have been widely adopted in the
past to overcome many of the issues that limit in-situ snow observation networks (Hall & Martinec, 1985). A number of global snow
cover datasets are currently available. The Moderate resolution Imaging Spectroradiometer (MODIS) based MOD10_L2 Global 500 m
snow cover and subsequent products (Hall et al., 2002) are the
only data sets that extend beyond the Northern Hemisphere at spatial and temporal resolutions suitable for detecting Australian snowﬁelds. Global snow cover approaches present speciﬁc problems for
use in Australia as the snow covered areas are relatively small and
often undetected at large grid resolutions. Additionally, the snow
morphology and properties are also quite different to that precipitating elsewhere, due to lower elevations and higher air temperatures. Sporadic errors in the global MOD10 snow products are to be
expected when evaluated at regional scales due to spatial variability
and heterogeneity in snow properties across the globe, particularly
in areas where seasonal snow properties differ signiﬁcantly from
the global means. The MOD10_L2 products have been evaluated in
the Northern Hemisphere with reported accuracy errors ranging
from 8 to 14% and with a mean of 7–9% (Ault et al., 2006; Hall et al.,
2001a; Hall et al., 2001b; Simic et al., 2004). Until now, there has
been no previous evaluation of the MOD10 snow cover products in
Australia. The global MODIS products have been found to be unsuitable for use in New Zealand, due to complex terrain and resolution
issues (Sirguey et al., 2009). Such errors have been used to justify
the development of custom snow maps for regional applications.
Snow maps developed and customised for regional-scale applications using medium-high resolution satellite data have demonstrated
skill and advantages over global products, as they may be tuned to
local conditions more rigorously (Hall & Riggs, 2007). A series of
snow cover maps for New Zealand developed using MODIS Level-1B
data at 250 m resolution provides snow cover area estimates with
an overall error of 0.3% when evaluated against 8 high resolution
15 m ASTER radiometer images (Sirguey et al., 2009). These maps
incorporate regionally reﬁned algorithms for visible cloud masking,
mixed pixel effects and atmospheric and topographic corrections.
Regional snow cover, albedo and grain size maps at 250, 500 and
1000 m resolution were developed for the Sierra Nevada region in
North America to produce snow cover area estimates with an overall accuracy error of 5%. The MODSCAG algorithm used in that study,
is based on MODIS MOD09GA surface reﬂectance data, spectral
unmixing algorithms and a large end-member library (Painter et al.,
2009). Due to regional customisation, these maps demonstrate an
improvement in snow cover estimates in the Sierra Nevada when
compared to the MODIS MOD10A1 snow cover product. Daily
4 km fractional snow cover maps have also been developed using
Geostationary Operational Environmental Satellite (GOES) retrievals
over the South American mountains, although with no quantitative
error analysis (Romanov & Tarpley, 2003). A recent study remotely
estimated snow depths using stereo digital aerial photography and
image processing software to extract digital elevation models
(DEMs) from photograph sequences in Australia (Lee et al., 2008).
The resulting maps estimate snow cover and depth at small spatial

scales and limited temporal scales. Despite these recent efforts
medium-high resolution snow cover observations and maps for
the Australian snowﬁelds have not been developed at catchment
sized scales.
There is a clear opportunity to utilise remote sensing techniques
to improve the observational datasets available for snow mapping
in Australia for catchment size applications. While the importance
and utility of global snow cover data sets is not at question, there is
a parallel need for customised regional-scale snow cover datasets to
provide improvements in snow monitoring and spatial representation. Such data can provide a basis against which operational products and model simulations might be assessed.
Using the MODIS Level-1B satellite data and a custom snow detection algorithm optimised for the Australian snow conditions, a 500 m
resolution snow cover dataset for the Australian alpine region for the
period 2000–2010 has been created. The dataset has the potential to
provide a new basis for snow cover characterisation and variability
in the Australian snowﬁelds, as well as improve observational data
available for snow model evaluation and hydrologic applications.
The work presented here evaluates the application of the regionally
optimised Melt Area Detection Index (MADI) approach (Chylek et
al., 2007) with the primary goal of producing snow cover maps at sufﬁcient temporal and spatial resolution to characterise Australian
snow extent variability and to improve observational data for model
evaluation.
The study area, along with the data used, is presented in Section 2.
The snow detection method is described in Section 3 and the evaluation metrics adopted are presented in Section 4. Section 5 reviews
the evaluation results and Section 6 includes a characterisation of
Australian snow using the dataset. The discussion and main conclusions are presented in Sections 7 and 8 respectively.
2. Study region and data sources
2.1. Study area
The major snow affected areas in Australia are situated within the
Great Dividing Range. The mountain range cuts through the south
east of the continent, forming the eastern edge of the Murray Darling
basin. The Murray-Darling system encompasses areas of considerable
importance to the national agricultural industry, with numerous
farming areas downstream of snow affected catchments including
the Murray, Goulburn, Kiewa and Ovens River basins (ABS, 2008).
As such, the alpine catchments situated along these western slopes
have a high water resource value (CSIRO, 2008). Studies conducted
within this region highlight the importance of the area not only in
delivering signiﬁcant water resources to downstream regions
(Schreider et al., 1997), but also in supporting ecological niche species and communities (Green, 1998; Sanecki et al., 2006), recreational ski tourism industries (Bicknell & Mcmanus, 2006; Hennessy
et al., 2003) and hydro-electric schemes (Costin et al., 1961). The
Murray–Darling basin is also currently the subject of signiﬁcant surface water reforms. The snowline altitude is approximately 1400 m
(Ruddell et al., 1990) above which areas are prone to at least
1 month of winter snow accumulation (Hennessy et al., 2008). Fig. 1
shows the SE Australian alpine region.
2.2. In-situ snow data
Long term snow depth records for the New South Wales (NSW)
alpine region were obtained from Snowy Hydro Limited for the mid
1950s to the present at 3 locations: Spencers Creek [lat: −36.42,
lon: 148.35], Three Mile Dam [lat: − 35.88, lon: 148.45] and Deep
Creek [lat: − 36.03, lon: 148.37]. The elevation of the sites ranges
from 1460 to 1820 m, aspects are SW, NW and NW facing respectively, and the measurement interval of the data is generally weekly
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derived from the NDSI signal. Further details can be found in the Algorithm Theoretical Basis Documentation (Hall et al., 2001b).
MODIS derived MOD02HKM, MOD03 geolocation and MOD10_L2
binary and fractional snow cover retrievals were obtained for the
south east Australian region for the extended winter season (May–
October) over the period 2000–2010. All MODIS swath data were
reprojected to Lambert Conformal Conical at a 500 m spatial resolution using the MODIS Swath-to-Grid Toolbox (ms2gt) Version 0.19,
which is available from the National Snow and Ice Data Center
(NSIDC, http://nsidc.org/). The exact position of individual MODIS
swath images varies geographically for each image. For at least 50%
of the evaluation images the position of the snow covered areas
within each swath tile is typically towards the middle of the swath
and there are no systematic errors induced from viewing angle biases.

Fig. 1. Study area in south eastern Australia. The typical maximum snow cover extent
is outlined in white, the magenta boxes are in-situ site locations and the grey shaded
region represents the Spencers Creek evaluation domain. Background image is a
MODIS based true colour composite of the region (RGB321).

or fortnightly during winter months. These snow observation locations are north of the highest peak in Australia which is situated at
Mt Kosciuszko at an elevation of 2228 m. The in-situ data was used
to conﬁrm snow cover presence as a part of the evaluation process
for the new snow maps.
2.3. Satellite data
2.3.1. MODIS
The Australian snow season is typically 4–5 months in duration
and the proximity of the mean freezing elevation in winter to the
main snow affected areas is such that signiﬁcant changes in snow
cover depth and extent can occur relatively quickly, even during
winter months. Consequently, data collection interval is an important consideration when selecting a suitable remote sensing data
source for snow detection in Australia. As an element of the National
Aeronautics and Space Administration's (NASA's) Earth Observing System (EOS), the Terra satellite (EOS AM-1) was launched in December
1999. The satellite carries the MODIS sensor which retrieves neardaily data globally at three spatial resolutions [250 m, 500 m and
1 km] at approximately 10.30 am local time. MODIS-Terra retrievals
are an appropriate source of data for mapping at spatial and temporal
intervals suitable for capturing seasonal snow cover dynamics.
The MOD10 Snow Cover 5-Min L2 Swath 500 m Version 5 and the
MOD10A1 composite tile product (Hall et al., 2002) are the only
global snow cover products available at sufﬁcient spatial and temporal resolutions to capture the Australian snow extent (Hall et al.,
2002; Klein et al., 1998). The data contains both binary and fractional snow cover products and is used here in part to assist in evaluating the independent snow retrievals. The MOD10_L2 products
use the Normalised Difference Snow Index (NDSI) algorithm based
on MODIS reﬂectance data (bands 4 and 6), the MODIS cloud product and a series of additional thresholds as described in Hall et al.
(2002). The fractional snow cover estimates are subsequently

2.3.2. Landsat
The Landsat series of satellites form part of NASA's EOS programme. Landsat 5 was launched in March 1984 and Landsat 7 in
April 1999. Landsat 5 carries the Thematic Mapper (TM) instruments
with the improved Enhanced Thematic Mapper Plus (ETM+) aboard
Landsat 7. Each Landsat satellite overpasses Australia every
16–18 days at around 9.45 am local time. When both Landsats 5 and
7 were operating, they provided coverage every 8 days during clear
sky conditions. Landsat 5 was suspended in 2011. For more information on the Landsat retrievals refer to online documentation (http://
landsat.gsfc.nasa.gov/). The high resolution imagery retrieved from
the Landsat sensors is not obtained at temporal resolutions suitable
for observing seasonal snow cover dynamics, as signiﬁcant changes
in snow cover can occur in Australia in between the minimum
8 days repeat time. Additionally, Landsat return intervals are routinely increased by intermittent cloud cover obstructions during retrieval
days, a common occurrence during winter. As such, the data forms
the basis for evaluation in this study rather than as the foundation
of a new product.
Landsat 5 TM and 7 ETM + data at path 91, rows 85 and 86 over
the period 2000–2010 were obtained. The Landsat 7 ETM + images
used for evaluation purposes were collected prior to the instrument
scan line corrector (SLC) failure in 2003 and are not affected by
missing data lines. All Landsat data were calibrated to top of atmosphere (ToA) reﬂectance values from digital number (DN) format
for each band using the built in calibration tools within the ENvironment for Visualizing Images (ENVI) software package (www.ittvis.
com). In both the MODIS and Landsat data, saturated pixels were
considered to be snow covered.
3. Snow detection method
There are a number of alternative snow detection methods currently used for operational snow cover products. The most commonly used method is the NDSI for the MODIS based products and
manual mapping using multi-platform satellite imagery and microwave data for the National Ice Center's (NIC) Interactive Multisensor
Snow and Ice Mapping System (IMS). Comparisons of these operational snow cover products indicate general agreement between
snow cover estimates in North America, with discrepancies more
common during the ablation season (Frei & Lee, 2010) and at low
elevations (Dong & Peters-Lidard, 2010). Australian snow water
content is typically higher than Northern Hemisphere counterparts
and is a prominent feature of the snowpack during the entire season, and not just in spring (Radok, 1956). Mean snow densities
are also typically higher than Northern Hemisphere counterparts
ranging from 0.30 to 0.60 g/cm 3 (Ruddell et al., 1990). Additionally,
diurnal winter temperature regimes in the Australian snowﬁelds
commonly traverse the freezing point and snow melt-refreeze
events are relatively common during the entire snow season
(Ruddell et al., 1990).
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Until now the MADI has been used to detect wet and dry snow
over regions of known snow cover only. Based on the properties
of Australian snow and the location of the ﬁelds within dense vegetation the MADI was considered a suitable algorithm for the detection of the types of snow common to this region. By adopting the
MADI approach we seek to explore an alternative snow detection
method to the commonly applied NDSI, with the potential beneﬁt
of linking MADI values to in-situ snow observations, although the
focus of this paper is limited to snow detection and not wet/dry
snow discrimination.
3.1. MADI
The MADI is derived using a ratio of reﬂectance values from two
spectral bands. The algorithm is presented below (Chylek et al.,
2007), where R0.67 refers to a bandwidth range of 0.62–0.67 μm and
R2.10 pertains to a bandwidth range of 2.105–2.155 μm:
MADI ¼

R0:67
:
R2:1

ð1Þ

For the MODIS sensor, R0.67 and R2.10 refer to bands 1 and 7 respectively. For Landsat data, the bandwidths that most closely correspond
to the MADI algorithm bandwidths are 3 and 7 respectively.
The MADI approach takes advantage of the spectral response in
the near-infrared (NIR) bandwidths of liquid water layers that coat
snow and ice grains when snow is melting, to discriminate between
frozen and liquid water (Chylek & Borel, 2004). The ratio to band
1 is included in the MADI technique to reduce the impact of atmospheric inﬂuences on the data retrieved by the satellite (Chylek &
Borel, 2004). The MADI snow detection method has been previously
evaluated in Greenland for the detection of wet and dry snow (Chylek
et al., 2007). The MADI methodology has also been used to monitor
ice-sheet melting in western Greenland (McCabe et al., 2011) with
comparison against microwave based retrievals. Here we examine
the application of the index for seasonal snow detection.
3.1.1. MADI snow threshold
Preliminary analysis of the MADI approach in Australia indicates
that snow is well detected using the approach and compares relatively well to NDSI. However, the MADI threshold for detecting
snow presence was found to lie within different ranges than in previous studies. The ability to customise and deﬁne the snow detection
threshold is one of the beneﬁts of developing the MADI approach
for regional conditions, where region speciﬁc MADI thresholds are
expected. In Greenland, MADI values determined using MODIS retrievals for cold and dry snow are approximately 25 and melting
snow values spike at around 80–100 (Chylek et al., 2007). In Australia, MADI values representing visible snow areas are generally around
8–45: however they can drop as low as 5–7. Snow-free areas in the
region report MADI ratio values less than 4 and typical cloud values
range between 4 and 8, although thick cloud may trigger values
similar to snow.
In order to extract snow covered areas using this method in
Australia, the MADI threshold that corresponds to snow surfaces
must be relaxed to better suit local snow properties and conditions.
In this study, a MADI threshold of 6 was adopted for snow detection,
with areas of MADI values less than 6, classiﬁed as snow free. Pixels
that satisfy the criteria 6 b MADI b 10 were deemed as ‘marginal’ or
fringe snow, and pixels with MADI values greater than 10 were
deemed as ‘interior’ or core snow. Due to slight differences in instrument sensitivity and bandwidth ranges, the snow detection thresholds for MADI images derived from Landsat data were increased to
8.5 for marginal snow and 10.5 for interior snow. The MADI data customised for Australian snow conditions is subsequently referred to as
the MOD-MADI dataset.

3.2. Monochromatic Landsat reﬂectances
On clear-sky days, the snow affected areas are readily observed
from Landsat true colour image composites (RGB 321). An optimised
density slice threshold of 0.22 for Landsat Band 1 (λ = 0.47 μm) was
found to capture the spatial pattern of the snow covered areas observed in the true colour composite. While topography induced
shadows reduced the Band 1 reﬂectance over snow extent, our testing on true colour images conﬁrmed that during clear sky days the
monochromatic method was able to discriminate between shady
snow and illuminated vegetation. The method is referred to in this
study as Landsat-Reﬂ and provides an alternative snow cover area
estimate for comparison and evaluation. The Landsat-Reﬂ binary
snow cover maps at 30 m resolution were subsequently used to
generate fractional snow cover maps at 500 m resolution to allow
direct comparison with MOD-MADI dataset, these maps are hereby
referred to as Landsat-FSC.
3.3. Cloud/snow discrimination
Cloud/snow misclassiﬁcation is a common source of error for
satellite based snow detection methodologies. The MOD10_L2 and
derived snow products rely on input from the MOD35 cloud
mask, where errors in the mask translate into potential errors in
the snow cover products as only pixels free from cloud are assessed
for the presence of snow (Hall & Riggs, 2007). As such, an overestimation of cloud in the MOD35 mask may result in an underestimation of snow, as potential snow pixels are masked by cloud
detection. Hall and Riggs (2007) identify this as the most signiﬁcant
source of error in the MODIS snow products. To reduce the impact
of cloud/snow discrimination errors here, a manual inspection of all
MODIS true colour image composites for the study area was conducted to identify days when the snow layer was obstructed by
cloud for exclusion. The image rejection based on cloud cover and
snow visibility reduced the number of images for the 11 year period from 2871 to 358, leaving an average of 1–2 clear-sky images
per week during each snow season. For this study, only images
obtained during near clear-sky conditions, where the snow layer
was clearly visible and unobstructed, were used for evaluation purposes and statistical analysis. At this point it should be mentioned
that MODIS data from NASA's complementary satellite, Aqua (EOS
PM), were considered as a source of supplementary data. Similar
to Terra the Aqua satellite collects near-daily data within Australia's
south east region, at around 1.30 pm local time. Adding an afternoon image to the dataset did not increase the information available and as such only retrievals from the Terra satellite were
included in the dataset.
3.4. Waterbody masking
Snow detection techniques are often sensitive to fresh water
bodies and ocean surfaces. There are a number of fresh water
dams and reservoirs located within and adjacent to the NSW and
Victorian alpine regions. To reduce erroneous snow detection over
these surfaces, a mask was created to remove known water bodies
from the analysis. Geoscience Australia's ‘lakes’ and ‘reservoirs’ vector layers (www.geoscience.gov.au/) were supplemented by manual
digitisation of additional visible water bodies using the high resolution imagery available within Google Earth (www.earth.google.com)
to generate a water body mask that was applied to all imagery.
4. Dataset evaluation metrics
Satellite sensors measure radiances emitted from the Earth's surface, rather than climate variables themselves. Datasets derived
from satellite data use these radiance values to infer spatially
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distributed values of surface properties. Consequently, satellite
based datasets must be evaluated with on-ground observations
and measurements to assess the suitability and limitations of the assumptions made when inferring surface properties from remotely
sensed data. There is rarely sufﬁcient in-situ data coverage to undertake this type of evaluation in a spatially consistent manner. A common method of evaluating remote sensing products is to compare
results between remote sensing datasets. This is referred to as relative evaluation (Hall & Riggs, 2007) and the approach will be used
to evaluate the MOD-MADI dataset. Quantitative evaluation of the
MOD-MADI dataset is conducted in two stages. First, the total
snow cover area estimates are compared for two evaluation domains and secondly, the spatial agreement of these snow cover estimates are then determined.
4.1. Evaluation domains
Evaluation of the MOD-MADI dataset was conducted using Landsat imagery for coincident near clear-sky days for both a 328.3 km 2
sub-region, centred about the Spencers Creek snow course, and the
full alpine region(~70,000 km 2) which spans across both NSW and
Victoria. There were 15 days over the entire region and 30 days over
the Spencers Creek sub-region where coincident Landsat overpasses
and clear-sky conditions prevailed within the 11 year data period.
Fig. 1 identiﬁes the location of the Spencers Creek subregion in grey,
within the full alpine region.
4.2. Total snow cover
By comparing total snow cover estimates between MOD-MADI
and Landsat based estimates, Landsat (MADI, Reﬂ and FSC) the overall
bias of the dataset may be determined and systematic biases may be
highlighted. Here the bias is deﬁned as:
−1

Bias ¼ n

n
X

P −O

ð2Þ

i¼1

where P is the mean of the predicted total snow cover (in km 2) (in
this case MODIS values), O is the mean of the observed total snow
cover (in km 2) (in this case Landsat-based values) and n is the
number of evaluation days.
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Accuracy refers to both correct snow presence and absence of the
MODIS based datasets compared to Landsat-FSC data, see below:
Accuracy ¼

TP þ TN
:
TP þ FN þ FP þ FN

ð5Þ

Since the MOD-MADI is a binary dataset we apply fractional snow
cover thresholds of 0.15 following Painter et al. (2009) and 0.50 to
Landsat (and MODIS) fractional data where the MOD-MADI binary
dataset may only be expected to detect pixels with greater than 50%
snow cover.
The spatial analysis also includes an estimate of the magnitude
and location of spatial errors in the MOD-MADI dataset along with
an error cluster size analysis. For this part of the analysis we allow
increased spatial detail by using the MOD-MADI data that has
been regridded to match the Landsat-Reﬂ 30 m resolution. We simplify the cluster size analysis by using these two binary datasets
rather than the Landsat-FSC. The 30 m resampled data was used to
allow isolation of regions prone to systematic errors, while recognising that the scale of these regions may be sub-pixel at the 500 m
MOD-MADI resolution. Resampling of the MOD-MADI data from
500 m to 30 m was undertaken such that each 500 m pixel was
replaced with approximately 278 pixels at 30 m resolution, with
the same MADI value as the original 500 m pixel. As snow presence
is not a spatially continuous parameter no smoothing between the
resulting pixels was undertaken during the resampling. At each
pixel we evaluate FP (overestimations), FN (underestimations) and
agreement. To avoid inﬂation of MOD-MADI success we exclude
non snow-prone regions from the analysis. The number of snow
prone pixels (nsp) is determined by aggregating all binary snow
maps from both Landsat-Reﬂ and MOD-MADI estimation techniques
for each of the evaluation domains. This aggregation results in a single map of snow prone pixels for both evaluation domains. Here,
pixels that have experienced detectable snow for at least 1 of the
evaluation days are deemed as snow prone areas and all other
pixels are discounted from this part of the evaluation. Non snow
prone pixels are not good testing locations for snow detection algorithms, as there is essentially no likelihood of snow presence. By
conﬁning this part of the pixel-based evaluation to snow prone
areas, we quantify error areas (km 2) and appropriately exclude
areas that lie well below the snowline.
5. Results

4.3. Pixel based comparison
5.1. In-situ evaluation
Following Painter et al. (2009) precision, recall and accuracy
evaluation statistics were used to quantify the spatial agreement between MOD-MADI and MOD10_L2 binary and fractional snow cover
maps with Landsat-FSC data. These three metrics require the following deﬁnitions: true positive (TP): snow present in both MODIS data
and Landsat-FSC; true negative (TN): snow absent in both MODIS
data and Landsat-FSC; false positive (FP): snow present in MODIS
data but absent in Landsat-FSC and false negative (FN): snow absent
in MODIS data but present in Landsat-FSC. Here, precision is a measure of false snow detection or snow cover overestimations in the
MOD-MADI and MOD10_L2 products and is deﬁned as:

TP
:
ð3Þ
TP þ FP
Recall is a measure of MOD-MADI and MOD10_L2 snow cover
retrieval in each scene or snow cover underestimations and is deﬁned as:
Precision ¼

TP
Recall ¼
:
TP þ FN

ð4Þ

Fig. 2 details the MADI values from the MOD-MADI dataset in
black, with observed depths overlain at Spencers Creek, Three Mile
Dam and Deep Creek observation sites. Note that the vertical scale
for all three plots is consistent. The comparison of in-situ snow
depth observations and MADI signals at these three locations support the snow detection capability of the MADI technique. The
MADI progression generally follows the snow depth pattern, with
the peak MADI values occurring during times of maximum snow
depth. The snow depth and MADI time series have a correlation of
0.6, which is reasonably consistent for all three sites. A linear regression between MADI value and observed snow depths produces a linear ﬁt with an R 2 of 0.44 (at the 95% level). The timing of annual
maximum snow depth and maximum MADI value is highly correlated (R 2 = 0.99, at the 95% level).
5.2. Total snow cover
Fig. 3 compares snow cover patterns within the Spencers Creek
locality for the 4th of August 2000. The yellow outline featured in
the top left panel represents the Landsat-Reﬂ snow extent
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Fig. 2. MOD-MADI value and snow depth observations at three sites. Note that the vertical scale for all three plots is consistent. The correlation between all 3 time series is
approximately 0.60.

superimposed on the true colour composite. The white areas in the
MADI images (Landsat in top middle and MOD-MADI in bottom left
panels) represent ‘interior’ snow (MADI > 10) and the blue represents ‘marginal’ snow cover areas (6 b MADI b 10). The shading in
the Landsat-FSC image (top right) represents the degree of fractional snow cover with lighter colours indicative of greater snow
cover fraction. Finally, the MOD10_L2 binary and fractional snow
cover products appear in the bottom middle and right panels respectively where white refers to snow and cloud areas are denoted
with shaded hatch. The higher resolution Landsat data at 30 m,
shown in the top left and middle panels of Fig. 3, captures more
complex snow cover patterns and the patchy snow cover that is
present in the region. The Landsat-FSC map represents this complexity at 500 m resolution using fractional snow cover. The coarser
MOD-MADI data manages to capture the major snow cover patterns
observed in the Landsat data, whereas the MOD10_L2 data (both binary and fractional) show a gross misclassiﬁcation of most of the
snow area in this sub-region as cloud. The Landsat FSC data, as presented in Fig. 3, also suggests that while the Landsat-Reﬂ extends to
the observed snow perimeter it is unable to account for the impact
of fractionally covered pixels on snow cover estimates. Thus the

Landsat-Reﬂ snow cover area estimates may be subject to systematic positive biases over patchy snow.
Fig. 4 provides a comparison of total snow cover area estimates of
the MOD-MADI dataset, with MOD10_L2 binary and fractional products, the Landsat-MADI and Landsat-Reﬂ data and the derived
Landsat-FSC estimates over the Spencers Creek locality. Fig. 5 presents a similar data inter-comparison over the full alpine region. A
summary of total snow cover biases for the MOD-MADI and
MOD10_L2 products, when compared to Landsat data are presented
in Table 1. Here, negative bias values indicate dataset underestimation and positive bias values reﬂect overestimations when compared
to all Landsat based estimates.
As can be seen from Table 1 and Figs. 4 and 5, there is a reasonably
good agreement between the snow cover area estimates from the
MOD-MADI dataset and Landsat-Reﬂ (red triangles)/Landsat-FSC
(ﬁlled squares) estimates over both evaluation regions. Over the
smaller Spencers Creek subregion discrepancies generally increase
when snow cover is low and there are fewer completely covered
snow pixels. Over the full region the larger errors occur when snow
cover is high where both the snow perimeter and “marginal” snow
areas are increased. There is a reasonable agreement between the
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Fig. 3. Snow detection at Spencers Creek subregion (4th of August 2000). Top left: Landsat-Reﬂ 30 m, Top middle: Landsat-MADI 30 m, Top right: Landsat-FSC at 500 m, Bottom
left: MOD-MADI 500 m, Bottom middle: MOD10_L2 binary 500 m, Bottom right: MOD10_L2 FSC 500 m. Domain width ~ 18.5 km. Detected snow is shown in white (interior)
and dark blue (marginal) in the binary products and blue gradient in fractional products. Shaded hatched areas identify cloud. The colour table indicates snow fractional
cover values. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

MADI snow cover area estimates derived from the MODIS and Landsat data (blue circles). The Landsat-Reﬂ and Landsat-FSC (ﬁlled
squares) estimates are similar, which is expected as they are both derived from the same monochromatic snow detection method. While

the Landsat based snow cover estimates are all quite similar,
Landsat-MADI estimates are typically 20 km 2 lower than LandsatReﬂ/Landsat-FSC estimates for the Spencers Creek region. This is
highlighted by the linear regressions (heavy dashed lines) for

Fig. 4. Spencers Creek locality evaluation results (n = 30). MOD-MADI snow cover
area comparisons and linear trend regressions with Landsat-MADI estimates in
blue, Landsat-Reﬂ estimates in red, Landsat-FSC estimates black, MOD10_L2 binary
estimates in green and MOD10_L2 FSC estimates in grey. The Landsat-MADI outlier
is shown in yellow and the revised linear regression with this point removed appears
as the thin blue dotted line. The 1:1 line appears as a grey dashed line. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the
web version of this article.)

Fig. 5. Full alpine region evaluation results (n = 15). MOD-MADI snow cover area
comparisons and linear trend regressions with Landsat-MADI estimates in blue,
Landsat-Reﬂ estimates in red, Landsat-FSC estimates in black, MOD10_L2 binary estimates in green and MOD10_L2 FSC estimates in grey. The 1:1 line appears as a thin
grey line and the MOD10_L2 FSC outlier is highlighted in yellow. (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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Table 1
MOD-MADI and MOD10_L2 total snow cover area biases.
Landsat-MADI (km2) Landsat-Reﬂ (km2) Landsat-FSC (km2)
Spencers Creek evaluation domain
MOD-MADI
17.2
MOD10_L2 binary − 80.3
MOD10_L2 FSC
− 89.0

− 17.9
− 115.5
− 125.6

− 21.5
− 123.5
− 126.2

Full evaluation domain
MOD-MADI
− 55.7
MOD10_L2 binary
157.8
MOD10_L2 FSC
− 40.6
MOD10_L2 FSC a − 222.5

− 153.2
48.8
− 147.8
− 327.5

− 157.2
44.4
− 149.4
− 324.1

a
The MOD10_L2 FSC total snow cover statistics for the full region are signiﬁcantly
inﬂuenced by the snow cover extent occurring on a single day (3rd of July 2003).
Here the MOD10_L2 FSC shows scattered and widespread snow affected areas with
low fractional values (0.1–0.2) across the entire scene. This image differs signiﬁcantly
from the data observed for the rest of the evaluation days and is considered an anomalous retrieval. Fractional snow appears throughout large areas that are not snowprone which raise the bias statistics signiﬁcantly. Modiﬁed statistics, with this day excluded are identiﬁed by the asterisk.

Landsat-Reﬂ and Landsat-MADI observations in Fig. 4, where the regression lines are of similar slope but are separated by an offset. As
these two estimates are based on the same raw data, the offset, representing snow cover discrepancies over the subregion, may be attributed to the MADI snow detection technique itself rather than
artefacts of spatial resolution differences. This offset between snow
detection methods however is not observed over the full region
where the increased proportion of snow perimeter and “marginal”
snow, as total snow covered area increases, results in increased
Landsat-MADI underestimates. Indicating that spatial resolution issues are less important than fringing snow errors over this domain.
The MOD-MADI displays negative snow cover biases of 20–
160 km 2 for both evaluation regions reﬂecting general snow cover
underestimations. As expected, the MOD-MADI dataset bias increases
when the evaluation region is expanded to the full region, due to
the increased opportunity for more error accumulation over a larger
area. The largest MOD-MADI biases are incurred when evaluating
against the Landsat-Reﬂ data over the full region. Here the source
of the bias is likely a combined result of the larger evaluation region
and the subsequent increase in ‘fringing’ snow areas and fractionally
covered pixels. Additionally the potential for positive biases in
Landsat-Reﬂ estimates may exacerbate perceived errors. Given that
the MOD-MADI underestimates snow cover we expect the discrepancy between these two datasets to be the largest.
Dataset underestimation errors increase with increasing proportion of fractionally snow covered pixels. As the MOD-MADI product
is a binary snow cover dataset we use the ratio of marginal snow to
interior snow as a proxy for fractionally covered pixels, although we
explore this further in Section 5.3. Here the marginal snow is deﬁned
by a weaker MADI signal and typically refers to shallower or patchy
snow located at the edge of the pack. The Spencers Creek domain centres on an area of the alpine region where the interior snow is high
and there are limited snow margin areas contained within the evaluation boundary. Linear relationships between dataset biases with
Landsat-Reﬂ estimates and the marginal to interior snow ratio, for
both interior and total snow cover (interior + marginal) within this
domain, produce statistically signiﬁcant negative declines in underestimation errors with lower area ratios (R 2 = 0.44 and R 2 = 0.18, both
at the 95% level) (see Fig. 6). Here MOD-MADI underestimation errors
increase when the proportion of marginal snow areas is high.
There is a clear outlier in the Landsat-MADI data, which is
highlighted in yellow in Fig. 4. While it is unclear what the cause of
this apparent discrepancy is, removal of the spurious data point reduced the MOD-MADI bias from 17.2 to 12.1 km 2 and the R 2 of the
resulting linear regression (thin blue dotted line in Fig. 4) increases

Fig. 6. Correlation of MOD-MADI errors (MOD-MADI total snow area–Landsat-Reﬂ total
snow area) with marginal/interior snow ratio for the Spencers Creek domain. Blue triangles refer to all snow areas MADI > 6 and black circles refer to interior snow areas
only MADI > 10. (For interpretation of the references to colour in this ﬁgure legend,
the reader is referred to the web version of this article.)

from 0.68 to 0.84. The signiﬁcant underestimation in the LandsatMADI outlier occurs on the 24th of July 2002. In-situ snow data during
this time does not support any signiﬁcant melt event or change in
snow properties during this time that might explain the poor MADI
signal on this isolated date. The band 1 reﬂectance values for this
date appear consistent with those on other dates, however there is
a larger proportion of higher (>0.07) band 7 reﬂectance values.
These larger near-infrared values may be due to atmospheric effects
which are the source of the unexpected reduced MADI index values
for this date.
Overall, the MOD10_L2 products display larger errors and discrepancies against the Landsat based products than the MOD-MADI, with
consistent underestimation of snow areas in the Spencers Creek region by 85–125 km 2. There is a general consistency between the
total snow cover estimated by the two MOD10 products over this
subregion. The MOD10_L2 algorithm excludes pixels identiﬁed as
cloud from snow detection testing and this is a source of signiﬁcant
error within the Spencers Creek evaluation region for both the binary
and fractional products. In agreement with Hall and Riggs (2007),
preliminary inspection of the MOD06 Cloud product for a number of
evaluation days qualitatively conﬁrms the cloud mask (MOD35
product) as the source of the gross snow/cloud misclassiﬁcation
errors observed in Australia over known snow covered areas. Once
the evaluation area is extended to the full region we observe significant snow cover disagreement between the MOD10_L2 binary and
fractional products. As the area of the misclassiﬁed cloud pixels
within the scene increases in the larger evaluation area we observe
negative biases in the MOD10_L2 fractional data accordingly. Conversely, we see observe positive biases in the MOD10_L2 binary
data over the larger area. These positive biases are caused by spurious “noise” in the binary data where a large number of small snow
misclassiﬁcation clusters (typically a single pixel in size) are present
in the data. The “noise” extends across regions which are not snowprone and the collective sum of these spurious snow pixels over the
full region is larger than the negative biases incurred by the misclassiﬁed cloud pixels. This is discussed further in Section 5.3.
The bias statistics for MOD10_L2 fractional snow cover as presented in Table 1 are largely inﬂuenced by a single evaluation day
(3rd of July 2003) where wispy cloud within the scene, that is not

K.J. Bormann et al. / Remote Sensing of Environment 123 (2012) 57–71

obvious in the true-colour composite, is misclassiﬁed as widespread
snow cover. The misclassiﬁed pixels appear across the entire scene
in areas that are not snow-prone and report fractional snow covers
less than 0.1–0.2. This anomalous evaluation day is highlighted in
Fig. 5 in yellow and is clearly unrepresentative of the majority of
MOD10_L2 fractional images, which collectively show signiﬁcant underestimations. If the erroneous data for this day is removed from
the bias calculations, we see the large negative snow cover biases
we expect from the MOD10_L2 fractional data if much of the snow
is misclassiﬁed as cloud. The modiﬁed statistics appear in Table 1
denoted with an asterisk (*).

5.3. Pixel-based evaluation
The spatial statistics between the MOD-MADI, MOD10_L2 and
Landsat-FSC datasets over both evaluation domains is presented in
Table 2. The signiﬁcant difference in the snow recall statistics in
Table 2 between the MOD10_L2 products and the MOD-MADI clearly
demonstrates that the snow/cloud misclassiﬁcation errors in these
snow cover products prohibit the MOD10 from ﬁnding all the snow
in the scene, thus resulting in very low recall statistics. The MODMADI recall statistics are much higher, indicating that the dataset is
accurately ﬁnding more snow in each evaluation scene than the
MOD10_L2 products. Values of 0.63–0.71 for the Spencers Creek
sub-region and 0.45–0.62 for the full region reﬂect the MOD-MADI
underestimation errors as full snow area capture results in a recall
of 1. The increase in MOD-MADI snow area recall induced by an increased Landsat threshold from 0.15 to 0.50, demonstrates that the
degree of fractionally covered pixels between 15 and 50% is signiﬁcant over both evaluation regions, but more signiﬁcant over the full
region. This is expected when the proportion of ‘fringing snow’ is increased over the full region. Overall, MOD-MADI is reasonably accurate in identifying both snow and non-snow pixels as indicated by
the higher accuracy statistics. Note that the anomalous MOD10_L2
FSC evaluation day discussed in Section 5.2 does not affect the statistics presented in Table 2, as fractional values below 0.15 are ignored
after the high pass ﬁltering and the vast majority of the erroneous
pixels held values below this threshold.
Snow covered pixels from binary snow products are typically
interpreted as pixels with greater than 50% snow cover. From the
Landsat-FSC estimations we can estimate the contribution of fractionally covered pixels (b50%) to the total snow cover area to be 11.2% for
the Spencers Creek region and 26.0% over the full evaluation region.
Painter et al. (2009) found that introducing fractional snow cover
considerations into snow detection techniques, by means of mixedpixel analysis, may reduce the overall snow area detection error by
10–15%. Dozier et al. (2008) quantiﬁed the contribution of fractionally covered pixels (b50%) to 17.5% of the total snow cover area. The
MOD-MADI underestimation errors are 13.6 and 10.1% over the two

Table 2
MOD-MADI and MOD10_L2 pixel-based evaluation results.
Data

Landsat-FSC (threshold 0.15)

Landsat-FSC (threshold 0.50)

Precision
(1)

Recall
(1)

Accuracy
(1)

Precision
(1)

Recall
(1)

Accuracy
(1)

Spencers Creek
MOD-MADI
0.985
MOD10_L2 binary 0.618
MOD10_L2 FSC
0.725

0.626
0.079
0.066

0.825
0.500
0.497

0.932
0.516
0.634

0.713
0.077
0.021

0.875
0.576
0.571

Full region
MOD-MADI
0.959
MOD10_L2 binary 0.425
MOD10_L2 FSC
0.365

0.454
0.153
0.158

0.990
0.971
0.967

0.878
0.297
0.264

0.617
0.122
0.047

0.994
0.976
0.985
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evaluation regions respectively. Here, we can attribute a signiﬁcant
proportion of the MOD-MADI errors to the binary nature of the
product and the absence of fractionally covered pixels. The analysis
conﬁrms a considerable portion of the reported underestimation
errors are due to these undetected snow patches at the snow
boundary. For simplicity the MOD-MADI dataset does not consider
fractional snow cover.
A major advantage of using Landsat-FSC data in the evaluation
process is that the MOD-MADI signal may be expressed in terms of
fractional snow cover. By comparing the Landsat-FSC data to the
MOD-MADI product we can conﬁrm that the major source of underestimation error in the MOD-MADI snow cover estimations is due to
mixed pixel effects. The mean fractional snow cover from the
Landsat-FSC data at all MOD-MADI false negative pixels is 24–36%.
As such the optimised MADI threshold of 6 for snow detection in Australia corresponds to approximately 24–36% fractional snow cover.
The spatial snow cover patterns between corresponding Landsat
and MOD10_L2 binary images are quite different. Investigations into
the cause of the MOD-MADI and MOD10_L2 discrepancies reveal
that at the full domain scale, the MOD10_L2 product suffers from
“scattered noise” across likely snow-free areas of the alpine region,
which are not supported by other observations. The sum of this
“scattered noise” artiﬁcially raises snow cover area estimates and
is sufﬁciently large to overcome the gross misclassiﬁcation of snow
as cloud over large snow patches, as observed previously in Fig. 3.
Fig. 7 presents an example of this “scattered noise” phenomenon.
There are also signiﬁcant cloud/snow discrimination errors, particularly over larger snow cover patches. The former has been noted by
Romanov and Tarpley (2003) for South America and the latter
recognised by the dataset developers (and others) for alpine regions
in New Zealand and the Sierra Nevada's in California (Hall & Riggs,
2007; Sirguey et al., 2009).
We can use the spatial disagreements between MOD-MADI and
Landsat-Reﬂ to estimate the typical magnitude of the underestimation and overestimation errors. Refer to Table 3 where the mean
pixel based evaluation results are presented in terms of absolute
area and percentage of snow prone pixels (nsp). Here, the number
of snow prone pixels for the Spencers Creek sub-region and the
full alpine region equate to areas of 267 km 2 and 2842 km 2 respectively. Using this method, the spatial agreement within the Spencers Creek locality between the MOD-MADI and Landsat-Reﬂ
datasets is 80.4%. Conversely, the total error of the MOD-MADI
dataset within this sub-region is 19.6%, the majority of which is
contributed by underestimation errors. The spatial errors (overestimations + underestimations) expressed as a percentage of LandsatReﬂ snow area are presented in Fig. 8. These values are highly correlated with the marginal snow to interior snow ratio (R 2 = 0.77 at
the 95% level), where smaller spatial errors are associated with
lower marginal/interior snow ratios. This is likely indicative of the
weakening of the MADI signal with shallow and patchy snow: an
issue that is discussed further in Section 6. A MOD-MADI accuracy
of 80.4–88.0% compares reasonably well to other regional snow
cover product evaluations where accuracies of 80–95% are attained
(Dong & Peters-Lidard, 2010; Hall & Riggs, 2007; Painter et al.,
2009) — although it should be noted that some of these studies
produced fractional snow cover products and are therefore expected
to show increased performance compared to MOD-MADI.
5.4. Error cluster size analysis
In addition to the misclassiﬁcation errors for the Spencers Creek
region, the size distribution and locations of the error clusters provides insight into the strengths and limitations of the MOD-MADI
snow cover dataset. Here, an error cluster has been deﬁned as an
area of spatial errors of the same type (i.e. overestimation or underestimation errors) that are spatially connected. Small and distributed
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Fig. 7. Example of “scattered noise” in MOD10_L2 binary product for 29th of June 2006, clear-sky day. a) MODIS RGB321 true colour, b) MOD-MADI dataset, c) MOD10_L2 binary
dataset (magenta circles indicate observation sites, white indicates detected snow and dark grey indicates detected cloud). (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

error clusters may be indicative of spatial heterogeneity caused by
unique surface and atmospheric conditions at each pixel over time.
Conversely, large and clumped error clusters may indicate a more
systematic bias of the dataset over speciﬁc surface conditions or landscape features.
A total of 9915 error clusters for the 30 evaluation days over the
Spencers Creek domain were combined and ranked in order of increasing cluster area. The cluster size distribution shows that 80% of
the individual error clusters have areas smaller than 0.01 km 2
which corresponds to 1/25th of a single MOD-MADI pixel at 500 m
resolution. The largest 10% of the spatial error clusters are signiﬁcantly larger in size than the remaining clusters, with an average area of
1 km 2 or 4 MOD-MADI pixels at 500 m resolution. These results suggest that while most of the error clusters are relatively small and distributed, the absolute contribution of the largest 10% of the error
clusters comprises the overwhelming majority of the error: indeed,
approximately 95% of the total spatial error area. The error cluster
size distribution analysis suggests that the most signiﬁcant source of
spatial error is from the less frequently occurring large error clusters,
which due to their size and frequency, are likely linked to geographical or surface features.
Following the spatial cluster size analysis, the frequency of errors
for each of the 30 m pixels in the Spencers Creek evaluation domain
are presented geographically in Fig. 9. A maximum value of 30 is
attained if the pixel experiences consistent underestimation or overestimation error for all 30 evaluation dates. The majority of underestimation errors (blue) occur on isolated peaks, narrow ridges or high
terrain points that are separated from the main snowﬁelds. Often, the
dimensions of the common underestimation error clusters were less
than 500–1000 m, which corresponds to 1–2 pixels at the MODMADI 500 m resolution. This indicates that the errors are an artefact
of the spatial resolution of the dataset where partial snow cover on
these isolated high points is often not of sufﬁcient area to generate

a strong MADI signal. Overestimation error clusters (red) are commonly found on steep slopes at the fringes of the snow extent or
over gullies. The large red region in the centre of the domain in
Fig. 9 coincides with a natural gully ~500–600 m wide. On steep
slopes, the large vertical relief per 500 m pixel becomes signiﬁcant,
as it is common for the true snowline to fall mid-pixel on these
slopes. The MOD-MADI approach here does not provide sub-pixel
capabilities, which are desirable for snow mapping in complex terrain for the aforementioned reasons (Sirguey et al., 2009). The errors in these areas may be a combination of slope and positioning
along the extremities of the mountain range and may be improved
with ﬁner spatial resolution mapping or sub-pixel snow partitioning. These results are discussed further in Section 7.

6. Characterisation of snow cover
The evaluation process indicates that although the MOD-MADI
displays systematic underestimation biases that increase with higher

Table 3
MOD-MADI error magnitude.
Region

Spatial
agreement
area (km2)

MOD-MADI
MOD-MADI
underestimation overestimation
(km2)
(km2)

Spencers Creek 214.8 (80.4%) 36.7 (13.7%)
locality
(~328 km2)
Full region
2500.8 (88.0%) 286.4 (10.1%)

Missing
data (km2)

14.4 (5.4%)

1.1 (0.5%)

54.8 (1.9%)

18.0 (b0.1%)

Fig. 8. Proportion of spatial errors (overestimation + underestimation areas expressed
as a fraction of Landsat-Reﬂ total snow area) for each evaluation day as summarised in
Table 3, to marginal/interior snow area ratio for Spencers Creek evaluation domain.
R2 = 0.77 (at the 95% level).
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Fig. 9. Pixel-based spatial error locations over Spencers Creek domain. Red indicates location of MOD-MADI overestimation errors and blue indicates locations of MOD-MADI
underestimation errors. Pixel colour and intensity, as per the colour bar, indicate the direct number of evaluation days for which the error occurred. Darker colours represent
a higher number of days for which the error occurred at that location. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

proportions of marginal snow and expanding snow perimeters, the
dataset may be used effectively to characterise snow cover in the region. One of the main beneﬁts of developing the MOD-MADI dataset
is the ability to explore the new snow cover observations in Australia
over the recent decade.
6.1. Snow cover area
The evaluation process is restricted to 30 near clear-sky days with
a simultaneous Landsat overpass, however there are MODIS images
available for 358 near clear-sky days over the 11 year data period.

Fig. 10 presents a time series of the snow cover areas from the
MOD-MADI dataset (at 500 m resolution) throughout 2000–2010
for all clear-sky days. Fig. 10 also shows declines in annual maximum
snow cover from 2000, that are statistically signiﬁcant at the 80% level
and 95% level, for both interior (magenta) and total detected snow
area (blue) respectively. The decline in interior snow area as deﬁned
by MADI > 10 provides the largest contribution to these trends, with a
higher signiﬁcance level of 95%. These trends are a new result for
the Australian snowﬁelds as previous analyses failed to ﬁnd statistically signiﬁcant trends in Australian snow metrics (Hennessy et al.,
2008; Nicholls, 2009).

Fig. 10. 11 year snow cover area timeseries from MOD-MADI data. The linear decline in maximum annual snow cover area is shown in magenta for interior snow (R2 = 0.37 at the
95% level) and dark blue for all detected snow (R2 = 0.27 at the 80% level). (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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6.2. Snow cover duration and timing
The MOD-MADI dataset may be used to characterise the timing of
seasonal snow including season length and typical start and end
dates. Identiﬁcation of start and end date requires a deﬁnition of
‘snow season’. The Australian snowﬁelds are comprised of numerous
discrete snowﬁelds throughout NSW and Victoria, and a single snow
cover area that deﬁnes a typical ‘season’ is difﬁcult to determine.
The mean village elevation at the larger ski-resorts is ~ 1600 m and
the reported snowline is at 1400 m (Ruddell, et al., 1990). As MODMADI errors increase at the snow margins we adopt snow cover
away from the snowline at 1600 m as an important snow cover area
to test. Using 90 m DEM data from the Shuttle Radiometer Topography Mission (SRTM) the total area above 1600 m is 1150 km 2. For
this analysis, a season ofﬁcially starts once the observed snow cover
exceeds the threshold snow cover and ends once the observed snow
areas fall below the threshold.
For snow cover at 1600 m and above we observe a statistically
signiﬁcant decline (at the 90% level) in season end date, indicating
earlier melt during Spring by up to 1 month over the period.
Again, this is a new result for the region. To conﬁrm the robustness
of this trend we also test a range of snow cover areas between 100
and 3700 km 2, corresponding to snow at elevations 1400 m to

2050 m and above. Negative trends in season end date are observed
for many of the snow areas tested however only seasons deﬁned by
snow at elevations 1580 m and above (1310 km 2 total area) produced statistically signiﬁcant trends at the 95% level. This supports
the robustness of the trend for the originally adopted important
snow elevation of 1600 m. The observed declines are robust over a
range of elevations pertinent to recreational snow areas and are
presented in Fig. 11 (panel b).
The trends in season length are more pronounced than those for
season end dates with signiﬁcant trends, at the 95% level, observed
for snow cover at 1530 m and above (1860 km 2 total area). The signiﬁcant trends in season length are observed for elevations at which
most ski-resorts situated. For simpler plotting in Fig. 11 we present
results at elevations for which statistically signiﬁcant negative trends
are observed for both season duration and season end date, which
occur at 1580 m and above. For reference the grey line shows the
originally adopted snow cover area 1150 km 2 (or elevation 1600 m).
Fig. 11 indicates season commencement dates range from 25th of
May to the 3rd of August (panel a) and the day of year at which these
snow cover areas have disappeared (panel b) ranges from 1st of August to the 7th of October. For reference the ski-resorts typically
close on the last weekend of September. There is a slightly greater
interannual variability in snow cover melt than season onset, which
is supported by a higher standard deviation of 20.7 days compared
to onset standard deviation of 18.1 days. The inter-annual variability
in season duration is higher again at 31.3 days which further highlights our caution in observing trends over an 11 year period. As season duration, or length, is dependent on both the season start and end
dates and Fig. 11 indicates no discernible change in season start date
over the 11 year period, the season length decline (panel c) may be
attributed to earlier snowmelt rather than later snow cover onset.
Warming air temperature trends for Snowy Hydro's Cabramurra meteorological station [lat: − 35.93, lon: 148.38, elevation: 1460 m]
have been found to be generally reﬂective of the regional and continental scale warming trends observed at non-alpine stations
(Nicholls, 2005). Amongst many potentially contributing factors, the
increasing air temperature trends support the observed earlier seasonal melting. It is important to highlight that the general timing
and duration trends discussed within this section are based on a relatively short time period for trend analysis.
7. Discussion

Fig. 11. Timing and duration of snow cover areas (1150–1310 km2) above 1580 m.
Panel a) Snow season onset date, b) Snow season end date and c) season duration in
days when snow cover area is maintained. Linear trend lines for snow cover timing
metrics are shown, all of which are statistically signiﬁcant to at least the 90% level.
The thick grey line refers to the originally adopted snow cover at 1600 m which corresponds to ski-resorts in the area.

The customised snow maps have a higher spatial accuracy in
the Australian alpine region than the currently available global
MOD10_L2 binary and fractional snow products: principally as a combined result of cloud misclassiﬁcation in both products and “scattered
noise” in the binary product. The “scattered noise” appears to be
mostly contained within the MOD10 binary data only and does not
appear as frequently in the fractional snow cover product. However,
both MOD10 products (binary and fractional) suffer from signiﬁcant
cloud/snow misclassiﬁcations which are the major drawback with
these products in this region. The “scattered noise” errors are more
prevalent during poor snow years, as they form a larger relative contribution of the overall estimated snow areas. This is supported by the
decline in precision statistics, which measure false snow detection,
for the MOD10_L2 products once the evaluation is expanded to the
full region. Further investigation of this phenomenon using manually
derived NDSI images over the area reveal a “scattered” pattern that
emulates the spurious data observed in the MOD10 binary product
occurring at pixels with NDSI values between 0.2 and 0.4. The NDSI
threshold for snow prone pixels is typically 0.4 (Hall et al., 2001b).
The MOD10 technical documentation for MODIS snow detection
states that in order to capture snow within heavily forested areas
the NDSI threshold of 0.4 is relaxed over forested areas as determined
by Normalised Difference Vegetation Index (NDVI) (Hall et al.,
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2001b). It is not discussed in the documentation exactly which NDVI
values are considered to be forested areas however it is apparent
that if the NDSI were relaxed from 0.4 then this may be the cause
of the spurious noise. This is not an unlikely scenario given that
the Australian alpine regions are set generally within national
parks and forested areas.
It should be emphasised that the MADI is an empirical ratio and
that actual values do not necessarily reﬂect physical properties. Discrepancies between the threshold values used in the previous Greenland analysis and those here in Australia may be attributed to a
combination of vegetation masking and optical differences between
the very different terrestrial and snow cover types. Australian snow
layers are exposed to signiﬁcantly higher air temperatures than
those elsewhere, giving rise to higher liquid water content
(Radok, 1956) and higher snow densities (Roebber et al., 2003;
Ruddell et al., 1990), all of which increase the rate of snow metamorphic processes (Sommerfeld & LaChapelle, 1970). Equi-temperature
snow metamorphisms refer to the morphological changes that occur
after snow crystals are deposited, and include the rounding of snow
crystals within the snow layer, extinction of smaller rounded grains
and the growth of larger rounded grains - resulting in a net increase
in overall grain size within the pack (Sommerfeld & LaChapelle,
1970). Such snow metamorphic processes signiﬁcantly inﬂuence
the overall grain size of snow layers, which is an important property
affecting albedo across a range of wavelengths (Wiscombe &
Warren, 1980). Furthermore, Australian snowﬁelds are surrounded
by vegetation and trees which partially impede the full reﬂectance
of the snow surface and act to reduce the strength of the MADI signal over these areas. It is also expected that mixed pixel effects at
the snow extent margins will lower the MADI values at the outermost pixels, much more so than in spatially continuous snow ﬁelds
such as in the Arctic and Greenland. The increased rate of metamorphism, increased net grain sizes and the subsequent reduction in
snow albedo, as well as the terrestrial inﬂuences on reﬂected radiation, support a lower MADI signal in Australia and highlight the
importance of identifying a regionally speciﬁc threshold.
Despite a reduced MADI signal, there is a signiﬁcant correlation
between in-situ snow depth observations and MADI values. While
there is no reason to expect a strong physical link between the
MADI signal and snow depth, the correlation may be related to increased reﬂectance of MODIS Band 1 wavelengths (R0.67) with snow
depth. Recent albedo parameterisations demonstrate the importance
of snow depth (Gardner & Sharp, 2010). However, most of the impacts in these parameterisations occur for snow depths less than
100 mm, after which the snow albedo reaches an upper limit and additional snow depth does not signiﬁcantly impact albedo values
(Wiscombe & Warren, 1980). The snow depths shown in Fig. 2 exceed
100 mm, indicating that the correlation is not due to albedo responses alone. It is suggested that the correlation between MADI signal and snow depth occurs in response to the increased degree of
physical smothering of alpine heath and ground-dwelling vegetation
types as snow depths increase.
Using the MOD-MADI dataset to track maximum snow cover
trends over the last 11 years shows a signiﬁcant decline in annual
maximum snow cover where previous analyses failed to ﬁnd statistically signiﬁcant trends. While this could be partially due to the
large inter-annual and seasonal snow cover variability experienced
in Australia masking climate signals, previous studies have been
based on the in-situ snow data network which is spatially limited.
As discussed in Section 1, the in-situ datasets in Australia are generally retrieved from prominent south-east facing slopes or other
areas that receive high natural snow cover or have greater snow
cover persistence. As a result, they are unrepresentative of vulnerable north facing areas and snow margins where we might expect to
observe the largest changes. The ability of the MOD-MADI dataset to
detect snow cover declines is attributed to the broader spatial

69

representation of data available, which extends beyond areas of interest to ski-resort and hydro-electric scheme operators.
The characterisation of snow cover onset, disappearance and
duration for a range of snow areas at elevations above 1580 m
show a large inter-annual variability in snow season length driven
by high variability in season end date. As snow persistence is dependent on overall snow depths in conjunction with melting rate
(Costin et al., 1961), and there is a high inter-annual variability in
snow depths in Australia (Budin, 1985), it follows that the variability in season duration and end date is likely linked to snow depth
variability. While there is no discernible trend in season onset, the
shift to an earlier snow disappearance date may be linked to rising
winter air temperatures (Nicholls, 2005). Previous authors have
suggested that early snow cover depends on precipitation and that
late season snow cover is more inﬂuenced by ablation (Hennessy
et al., 2003). Warming trends in winter maximum air temperatures
have been established at alpine stations (Nicholls, 2005), while
there have been no detectable trends in alpine precipitation
(Hennessy et al., 2008). These results indicate that the shift towards
earlier snowmelt is a result of increasing late season melt rates driven by observed warming. It is important to again highlight that
these trends are quite sensitive to the snow areas selected and are
not robust across all snow area thresholds tested (at elevations between 1400 and 2050 m), although the elevations where signiﬁcant
trends are observed correspond to recreational snow areas.
Trends are best assessed over long time periods, however data
availability can often pose constraints on this idealised situation.
The short time period of satellite data availability (11 years) raises
concerns regarding the robustness of the snow cover and snow timing trends over longer timescales. The linear correlation between
maximum snow depth at Spencers Creek station and MOD-MADI
snow cover area, returns an R 2 value of 0.68 (at the 95% level). This
correlation allows the use of the longer snow depth record as a
proxy to evaluate whether the 11 year trends in annual maximum
snow extent from 2000 to 2010 are generally representative of the
longer climatological characteristics. Over the common 11 year period 2000–2010, the declining snow depth trends fail to achieve statistical signiﬁcance at all 3 Snowy Hydro stations analysed, which is
consistent with previous snow depth trends observed at Spencers
Creek over much longer periods (1962–2002) (Nicholls, 2009). The
40 year decline in annual maximum snow depth may be evaluated
to approximately 0.75 cm per year (Nicholls, 2005). The annual maximum snow depth decline observed at the same location for the
11 year period 2000–2010 is approximately 6.4 cm per year. The
increase in decline rate indicates that the annual maximum snow
depth decline has accelerated in recent years. Importantly, the persistence in the sign of the trend is preserved. While this exercise
supports the snow cover area decline and reinforces that the
11 year decline itself is not an artefact of the short time period
assessed, a longer time period is required before this trend in snow
cover can be considered robust.
8. Conclusion
An evaluation of the global MOD10_L2 binary and fractional
snow cover products has highlighted several issues such as cloud/
snow discrimination and scattered “noise” problems that signiﬁcantly limit the direct application and use of these products in Australia. The MOD-MADI presents an improved snow cover dataset for
the Australian region and demonstrates the advantages of developing a regional snow detection algorithm, with the ability to customise and deﬁne the snow detection threshold. The new dataset
shows good correlation between snow detection index values and
in-situ snow depth, which is likely related to the increased physical
smothering of vegetation as snow accumulates. For all alpine areas
in Australia, the mean spatial error for snow cover based on 15
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clear-sky evaluation images is 12%, with the bias ranging from
−55.7 to −157.2 km 2. Evaluation over 30 clear-sky days for the
Spencers Creek sub-region in New South Wales, produced a mean
spatial error of 19% with a smaller bias ranging from −21.5 to
17.2 km 2. Underestimation spatial errors are typically located on
isolated peaks and may be attributed to spatial resolution errors.
Overestimation errors are typically located over gullies or on steep
slopes at the fringes of the snowﬁelds and are likely a combination
of terrain and resolution issues.
The new snow cover observations provide interesting insight into
Australian snow characteristics where signiﬁcant declines in snow
cover area, season duration and a shift towards earlier snow melt
date are reported, although it is recognised that the length of data
is short for this type of analysis. Signiﬁcant shifts towards early season melt dates are observed for snow at elevations pertinent to recreational activities. Season duration declines are attributed to earlier
seasonal snowmelt rather than later season onset and may be linked
to observed warming trends in the area. This work presents new results for Australian snow characteristics and explores a regional
snow detection approach that has the potential for broader application in other seasonal snow areas, particularly in regions that experience marginal or highly variable snow cover regimes.
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