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Abstract. This study compares different methods to retrieve ical snow grains. In this case, the root mean square deviation
the specific surface area (SSA) of snow from satellite radi-was 9.4 kg~ and the mean difference was 0.% kg1,
ance measurements in mountainous terrain. It aims at adsased on 3170 pairs of observation and simulated values.
dressing the effect on the retrieval of topographic correctionsThe added-value of the anisotropy correction was not sig-
of reflectance, namely slope and aspect of terrain, multiplenificant in our case, which may be explained by the pres-
reflections on neighbouring slopes and accounting (or notence of mixed pixels and surface roughness. MODIS re-
for the anisotropy of snow reflectance. Using MODerate res-rieved data show SSA variations with elevation and aspect
olution Imaging Spectrometer (MODIS) data for six differ- which are physically consistent and in good agreement with
ent clear sky scenes spanning a wide range of snow condiSAFRAN-Crocus outputs. The variability of the MODIS re-
tions during the winter season 2008-2009 over a domain ofrieved SSA within the topographic classes of the model was
46 x 50 km in the French Alps, we compared SSA retrievals found to be relatively small (3.9fkg™1). This indicates that
with and without topographic correction, with a spherical or semi-distributed snowpack simulations in mountainous ter-
non-spherical snow reflectance model and, in spherical caseain with a sufficiently large number of classes provides a
with or without anisotropy corrections. The retrieved SSA representation of the snowpack variability consistent with the
values were compared to field measurements and to the rescale of MODIS 500 m pixels.

sults of the detailed snowpack model Crocus, fed by driv-
ing data from the SAFRAN meteorological analysis. It was
found that the difference in terms of surface SSA between; |ntroduction

retrieved values and SAFRAN-Crocus output was minimal

when the topographic correction was taken into accountSnow on the ground is both a resource and a hazard in
when using a retrieval method assuming disconnected sphemountain regions. As a temporary reservoir of water that is
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742 A. Mary et al.: Mountain snow SSA from MODIS

released during the melt season with implications for natu-ance Qbleitner and Lehning2004 Gerbaux et aJ.2005.
ral ecosystems, agriculture or hydropower, or as an essentidlowever, there have been few examples of direct assimila-
component of winter sports and tourism, it has a significanttion of satellite data into models of such a degree of com-
impact on socio-economic activities. Various types of snowplexity (Toure et al. 2011). Dumont et al.(2012 have re-
avalanches, and debris flows and floods occurring when snowently demonstrated how remotely sensed spectral albedo of
melts, represent the darker side of the impact of snow on thesnow can be assimilated into the detailed snowpack model
ground on mountain communities. Not only the presence ofCrocus, with positive impact on the simulated mass balance
snow on the ground, but also its amount and physical prop-of an alpine glacier. Regardless of the frequency range (mi-
erties govern its positive or negative impact on human ac-crowave, visible/near infrared, thermal infrared,) or the
tivities. For example, the vertical profile of the mechanical acquisition type (active vs. passive), satellite data obtained
properties of snow plays a major role in determining its sus-over mountainous terrain are strongly affected by the topog-
ceptibility to the occurrence of avalanches. During the meltraphy. This can either occur because a too coarse resolution
season, knowing the amount of snow available for meltingof the acquired images results in a blending of multiple types
and the melt rate are key factors to assess the melt water fluaf surface conditions into the same pixel (this effect is also
into rivers and aquifers. These variables not only depend ormpresent in flatter terrain, but the presence of different types of
the amount of snow accumulated, but also on the time evoluslopes dramatically increases the mixing), or because of is-
tion of the surface energy balance of the snowpack and its insues inherently associated to the sloping conditions, i.e. mul-
ternal physical properties. All of these variables vary greatlytiple reflections on neighbouring slopes, etc. As an example
in space and time in mountain areas due to complex interacef how such effects impact the retrieval of snow properties
tions between meteorological conditions (in particular, wind from satellite images in mountainous terrain, here we de-
and precipitation), surface snow conditions and topography.scribe and compare different methods used to post-process

A wide number of numerical models have been devel-near-infrared (NIR) reflectance data from the MODerate res-
oped to simulate and predict the physical state of snow orolution Imaging Spectrometer (MODIS) on board TERRA
the ground, ranging from conceptual representations of snovand AQUA. Such data feature a high temporal and spectral
mass and melt rate (so-called “positive degree-day” approachesolution (daily coverage and about 20-30 nm wide bands)
— PDD) to physically based models explicitly resolving the along with a moderate spatial resolution (i.e., 500 m for the
surface energy balancénmstrong and Brun2008. Cou- NIR bands). Such data are highly relevant for the surface en-
pling such models with appropriate methods to estimate thesrgy balance of the snowpack.
meteorological conditions in mountain areas leads to inte- The spectral albedo of snow is determined by the spectral
grated modelling systems which are helpful to quantify theand angular characteristics of the solar irradiance but also
amount of snow on the ground and predict its behaviour inby the physical and chemical properties of the snowpack.
the near future. Point-scale ground based data can be useéd the visible part of the spectrum (VIS), snow albedo is
to evaluate model results but due to the large heterogenamnainly influenced by the impurities content. In the NIR, the
ity of the snow cover their relevance is often questionable.effect of the snow grain size is predomineWgren 1982.
Alternatively, satellite observations of the snow cover extentAmong numerous and sometimes ambiguous definitions of
can be used as an independent evaluation of the model re¢he grain size of snowWiscombe and WarrerL98Q Aoki
sults and provide indications on the level of confidence thatet al, 200Q Fierz et al, 2009, for optical radiative transfer
the model can be given. Assimilation of satellite observa-applications the notion of an “optical grain radius” is com-
tions into the snow component of land surface models is amonly employed. It corresponds to the radius of an opti-
promising avenue where the added value of observations ancally semi-infinite collection of monodisperse disconnected
model results should be optimally combined. This requiresspheres featuring the same NIR hemispherical reflectance. In
that the satellite observations are relevant to the state varipractice, as far as hemispherical albedo is concerned, the op-
ables used in the snow model. For example, a PDD-basetlcal radius is not significantly different from the equivalent
model in which snow mass is the only state variable for snowspheres radiuseg, i.€. the radius of a collection of spheres
would not be able to assimilate snow surface temperaturdaving the same surface to volume ratio also called specific
data. surface area of snow (SSA).

Satellite monitoring capabilities with ever increasing spa- 3
tial resolution on the ground, revisit frequency and spec-ropt = req ’eq= —=c>

. T2 : 1 . oi SSA

tral resolution, provide information that is increasingly rel-
evant to multi-layered physically-based snow models. Us-wherep; is the density of ice (917 kg 1? at 0°C). In the fol-
ing such models in mountainous areas has been initiatetbwing, the terms optical radius and equivalent spheres radius
several decades ago with numerous successful applicatiorere used interchangeably.
such as avalanche hazard forecasting (Bgrand et al. Different methods have been tested and implemented for
1999 Bellaire et al, 2011, mountain hydrology (e.draun  grain size retrieval{edesco and Kokhanovsk®007). Early
et al, 1994 Magnusson et gl2011) and glacier mass bal- work by Dozier et al.(1981h andDozier and Mark¢1987)

@)
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demonstrated the potential for grain size retrieval frompared one to each other, to the field measurements and to
remote sensing. First successful demonstrations othe outputs of the detailed snow model Crocus. In addition
grain size retrieval were presented MNolin and Dozier to a detailed discussion on the comparison of the retrieval
(1993 2000 and Bourdelles and Fily(1993. Recently, = methods, this study allows for the discussion of the variabil-
Painter et al(2009 introduced the MODSCAG algorithm ity of the SSA of surface snow in mountainous terrain in both
to retrieve snow covered area, grain size and albedo oMODIS and model output data

a sub-pixel basis from MODIS data. This method is based on

the spectral unmixing of MODIS ground reflectance product

(MxDO09) whereby a range of snow spectra with various s waterial and methods

grain sizes are considered as potential end-members. How-

ever, although MxDO09 data product addresses atmospherig 1 Application site

effects {ermote and Vermeulerl999 King et al, 2009,

these methods ignore topographic effects, such as the illumiThe study was carried out in a geographical domain located
nation angle or the reflected terrain irradiance, despite theifn the centre of the French Alps East of Grenoble covering an
importance in mountainous terraiRrpy et al, 1989 Fily  area of 46< 50 km (see Figla). The terrain is highly rugged

et al, 200Q Sirguey 2009. In addition, the spectral end- with an elevation ranging from 224 to 3983 m a.s.|. The mean
members representing snow used in MODSCAG are based|evation is 1860 m a.s.|.

on theoretical spectra in which snow grains are assumed to Six cloud-free MODIS/Terra images spanning the same
be spherical, the effect of soot on reflectance is ignored, andnow season were selected: 2009-01-09, 2009-01-25, 2009-
the effect of the anisotropy of snow reflection is addressep2-26, 2009-03-21, 2009-04-22 and 2009-05-06. This
using an assumption of a constant viewing geometry. Recengataset enabled the various methods employed here to be

updates of MODSCAG make it possible to evaluate thetested for various conditions of snow at several steps of the
surface radiative forcing of light absorbing impurities in seasonal evolution of the snowpack.

the snowpackRainter et al.2012. Alternatively, the semi-
analytical snow retrieval algorithm (ART) was developed by 2.2  Digital elevation model (DEM)
Kokhanovsky and Zeg&004 and applied to MODIS data
(Tedesco and Kokhanovsk007 Lyapustin et al. 2009 The DEM used for computing topographic parameters origi-
Negi and Kokhanovsky2011ab; Zege et al. 2011). The  nates from the Shuttle Radar Topography Mission (SRTM,
various applications differ in the way the ART model was Farr et al, 2007. This 3arc-sec DEM was projected and
used, although all assume the distribution of grain shapes tdowngraded using a cubic interpolation from 90 to 125m
be a mix of plates and columns instead of solely spherica(for shadows computation) and 500 m spatial resolution to
grains Zege et al.2011). Each study departs regarding the match the spatial resolution of MODIS data. This downgrad-
number of MODIS spectral bands that were used to retrieveng implies a smoothing of the orography, and ignore subgrid
grain size (se&egi and Kokhanovsky20113 as well as in  local variations in slope and aspect. The relatively loose res-
terms of the way atmospheric corrections were addressedlution of 500 m (compared to the very rough nature of the
For exampleTedesco and Kokhanovsk2007) relied onthe  studied area) should be considered as one of the main source
standard correction associated with the MxD09 data productof uncertainty in the retrievals. Figuid illustrates the DEM
while Lyapustin et al.(2009 or Zege et al.(2011) used  on the studied area. SRTM data have an absolute geoloca-
custom corrections. OnlZege et al.(2011) accounted for  tion error of 8.8 m and a relative elevation error of 8.7 m over
the effect of the presence of soot in the snowpack. Yet, non€urope Rodriguez et a).2005.
of these studies addressed the impact of multiple reflections
in mountainous areas, and few addressed the impact of th2.3 Satellite data
local illumination change due to the slope and the aspect of
the studied surface. The main features of MODIS data making it an appealing
The goal of this study is twofold: first of all, it aims at source of information for remote sensing of snow from space
evaluating the effect of (1) the local topography, (2) the are outlined below. First of all, it has a suitable spectral res-
anisotropy of snow and ice reflection, (3) the assumption orolution (see Tabld), including a detection channel (band 5)
the shape of snow grains, to retrieve snow SSA from MODIScentred at 1.24 um, which is highly sensitive to SSA and
data in mountainous areas. The second objective is to conmbarely affected by light absorbing impuritied/arren 1982
pare the MODIS retrieved SSA with the output of the de- Kokhanovsky et aJ.2011). It offers a good compromise be-
tailed snowpack model CrocuBrun et al, 1992 Vionnet  tween spatial and spectral resolution (respectively 500 m and
et al, 2012. Following a description of the data and mod- 0.02 um for band 5). Last, it provides at least daily global
els used, this study introduces in detail the various methodsoverage since 2000, which makes it a valuable dataset for
used to retrieve SSA from MODIS data. In the next section,multi-year studies (e.gBox et al, 2012 and, despite a pri-
MODIS retrieved SSA from the different methods are com- mary goal of being a research-oriented data source, many
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operational applications makes increasing use of these dafeable 1. Spectral definition of the seven MODIS channels at 500 m

(e.g.Pettinato et a).2009. resolution.
The region of interest is represented by-9200 pixels at
500 m resolution. Note that 500 m is the nominal resolution, Band  Bandwidth
which is effective at nadir of the sensor, but data with large No. (nm)
sensor zenith angle (on the side of the swath) are affected by 1 620-670
a loss of effective pixels resolution. For the studied dates, the 2 841-876
absolute sensor zenith angle ranged from 2 tg @ith less 3 459-479
than a 4 variation within each image. 4 545-565
The Goddard Space Flight Center (MODIS projéttp: 5 1230-1250
//modis.gsfc.nasa.ggvprovides several products processed S ;igg_;igé

from raw sensor acquisitions. For this study, we used two of
these products in order to evaluate the impact of the topo-
graphic correction on the retrieved SSA: the MODO02 swath
data product (level 1B, obtained with MODO3 geolocation scheme ISBA Boone et al. 2000 Decharme et al.2017)

file for reprojection), which contains calibrated top of atmo- within the SURFEX interfaceMasson et a).2012).

sphere (TOA) radiances; and the MODOQ9 data product (level The meteorological forcing provided by SAFRAN in-
2), which directly provides atmospherically corrected groundcludes air temperature and humidity, wind speed, cloud
reflectances computed by the LSRSCF (Land Surface Reeover, precipitation, and downward longwave and shortwave
flectance Science Computing Facilitittp://modis-sr.ltdri.  direct and diffuse incident radiation. Assessing such meteo-

org/) (Vermote and Vermeuler1999. rological conditions on mountain slopes is challenging due
to the scarcity of ground-based measurements and the coarse
2 4 Numerical simulation of snow reflectance resolution of numerical weather prediction models (NWP).

The SAFRAN meteorological downscaling system was de-
signed to overcome this issue and provide relevant meteoro-
logical forcing, combining remotely sensed cloud cover in-
Formation and ground-based and radiosondes observations
v(\sjth an a priori estimate of meteorological conditions ob-

%8ined from the ARPEGE NWP modeéTurtier et al,1991).

their single scattering parameters using the Mie theory. Thel_he downscaling is performed within geographical areas
impact of the grain shape on the reflectance can be signifi-

cant Picard et al, 2009. HoweverCarmagnola et a(2012 (ca. 400 kmd) assumed to be meteorologically homogeneous
showed that using fie.ld measu;ements of SSA and densitand referred to as “massifs”. In each massif, the surface anal-
together with DISORT using the same assumption leads t sis is carried out on a vertical profile and provides mete-

NIR spectral albedo simulation in very good agreement Withorologlcal dat_a typ|pally on a vertical gr|.d of 30.0 m. In t-he
. case of our simulations and for each altitude within a given
co-located field measurements.

Besides input from near-surface vertical profiles of the massif, this meteorological forcing was provided to the land

. . : surface model including modifications of the direct compo-
physical properties of snow, DISORT requires the knowl- o . .
S . nent of the solar radiation accounting for five slope angle val-
edge of a spectrally resolved optical index of ice. Recent

ues (0, 10, 20, 30 and 4pand for eight aspects (N, NE, E,
work _(Ca_lrmagnola_ et al.201@ has shown that a recent SE, S, SW, W, NW). Outputs of the land surface model runs
compilation of the ice refractive indexMarren and Brandt

. : thus depend on time and on four variables defining a topo-
2008 may not be the more relevant for certain near-infrared . ) . ) e .
X . graphic class: geographical zone (“massif”), altitude, aspect,
wavelengths. However, in the spectral range concerned wit

MODIS bands (Tablel), the agreement between observa- fand slope. Tabl@ details the @_scrgtlsatlon of these yanables
. . , . ._in our study area. The classification chosen is arbitrary, and
tions and numerical simulations was found extremely satis-

ooy o Tt values fronaren and Brancz00g are " 08 WL claboraten custrn o opogremicn p
used here. Note that the relevant database is available ’? ploy y prop

: L %y (Fiddes and GrubeR012). The three massifs included in
hitp:/fwww.atmos.washington.edu/igptical constants/ our study area are called Belledonne, Grandes-Rousses, and

Oisans and are indicated in Fith.
2.5 SAFRAN-Crocus raw data Crocus is a 1-D detailed snowpack model simulating the
energy and mass balance of the snowpack including a de-
Numerical simulations of the physical properties of snow ontailed description of internal processes such as snow settling,
the ground were carried out using meteorological data fromliquid water percolation and snow metamorphisBrun
the SAFRAN downscaling systerbgrand et al.1993 and et al, 1989 1992 Vionnet et al, 2012. For each of the
the snowpack scheme Crocus coupled to the land surfackyers of its modelled stratigraphy, it simulates the evolution

Throughout the study, numerical simulations of snow re-
flectance were carried out using the DIScrete Ordinate Radi
tive Transfer (DISORT) modeBtamnes et §11988. We as-
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FRANCE

(a) (b)

Fig. 1. (a) Geographical location of the studied domain (small red rectan@elevation from SRTM DEM on the studied domain. Stars
show locations of field measurements.

of grain characteristics, thickness, density, liquid water con-Table 2.Discretisation of the SAFRAN-Crocus topographic param-
tent and temperature. Numerical simulations were initializedeters on our study area.

with no snow on the ground on 2000-08-01 using an initial
ground temperature corresponding to the mean air tempera- Parameter  Discretisation

ture (SAFRAN) for the periOd 2000-08-01-2010-07-01 for Massifs (3)  polygons

each SimUIati.o.n point. ThIS Procedur? (_ensures that ground Elevation 900 m to 3000 m by steps of 300 m (Belledonne)
thermal conditions are initialized realistically, and the 9yr 900 m to 3300 m by steps of 300 m (Grandes Rousses)
spin-up time leads to consistent numerical simulations of 900 m to 3600 m by steps of 300 m (Oisans)
ground-snow interactions. Crocus variables describing snow
microstructure, namely sphericity, dendricity, and size, are
semi-quantitative and depend on the snow metamorphism
history. The sphericity represents the ratio of rounded grains

to faceted grains. The dendricity is equal to 1.0 for fresh

snow and then decreases to zero as the snow ages. From bdil average of the SSA of the surface layers using Crocus
grain shape variables, the Crocus model diagnoses an optRutputs relevant to the the first centimeters of the snowpack.
cal diameter Brun et al, 1992 Vionnet et al, 2012 Morin  This average was performed to a single and appropriate sur-
et a|, 2012 that we converted to an SSA value according face SSA value to be Compal’ed to MODIS retrieved data.
to Eqg. (). Morin et al. (2012 demonstrated that they were This was done considering an exponential decay to accomo-
in very good agreement with field measurements carried outlate the attenuation of the solar radiation through the snow-
at the research station Col de Porte over the course of onBack (arren 1982 as

snow year (2009-2010), with a root mean square deviation s :

(RMSD) found to be on the order of 6%kg~1. The snow-  gsa . — Jo SSAZ) € dz’ @)

pack model Crocus has been successfully evaluated at sev- /g e ddz

eral sites and under different climatic conditions (gL ) ) _

rand et al, 1999 Bouilloud and Martin 2006 Wagnon et al. wheres is a truncation of the penetration depth, ahde-

Aspect N, NE, E, SE, S, SW, W, NW{ flat)
Slope 0, 10, 20,30 and 30

2009 Brun et al, 2012. notes the e-folding depth. The latter varies with SSA, density,
and wavelengthwWarren 1982. In order to simplify the pro-
2.6 Post-processing of SAFRAN-Crocus data and cessing steps of SAFRAN-Crocus outputs, we used a single
comparison with MODIS-retrieved data value ofd =2 cm ands =4 cm for the whole study. Indeed,

the sensitivity study conducted Bpkhanovsky et al(2011)
To compare the SSA values simulated by SAFRAN-Crocusrevealed that NIR wavelengths are only sensitive to the op-
with those retrieved from MODIS data, we computed a ver-tical radius on the very first centimeters of the snowpack.

www.the-cryosphere.net/7/741/2013/ The Cryosphere, 7, 7464, 2013
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Table 3. E-folding depth for the MODIS bands used in this study 2.7 Field measurements

for two extreme cases of snow: F — fresh light snayg = 50 um,

density = 150 kg rf13; A — aged dense Showgpt= 1000 pum, den-  To complement the comparison between MODIS-retrieved
sity = 350 kg 3. The values were calculated with DISORT and data and SAFRAN-Crocus outputs and introduce a slight

assuming spherical and disconnected snow grains. dose of ground truthing in our analysis, field measurements
of SSA were performed in winter 2012. Two field sites fea-
Band 2 Band 5 Band 6 Band 7 turing a maximum homogeneity in terms of slope, aspect, ab-

858.5nm  1240nm  1640nm  2130nm  gence of shading over a characteristic horizontal scale on the
F A F A F A F A order of MODIS pixel sizes were selected for this purpose
1/e optical 1485 337 229 43 50 13 38 13 withinthe Belledonne massif. One of them is a flat terrain at
depth 2000 m.a.s.l. and the second one is a south-westerly facing
1/egeometric 300 586 46 75 1.0 23 0.7 22 slope tilted around 1% at 2100 ma.s.l. Near-surface verti-
depth (mm) cal profiles of snow SSA and density were measured using
the optical instrument DUFISSS5gllet et al, 2009. The
estimated accuracy of each SSA measuremehi3%. Re-
Table3 gives an illustration of the variation of the e-folding peated measurements within the same areas were performed
depth for two extreme cases (fresh light snow and aged densgith the intent to quantify the in situ variability of surface
snow) and for each of the MODIS bands used in this study.snow SSA.
These values have been calculated with DISORT and assum-
ing that grains are disconnected spheres. Note that, as noticed
in Sergent et al(1987, the e-folding depth computed using 3 Detailed description of the satellite retrieval methods
this assumption may be higher than for real snow. Follow-
ing typical extremes values for these two cases, SAFRAN-Table4 presents an overview of the acronyms used to refer to
Crocus SSA data were processed for the six studied datethe different retrieval methods which are described in detail
using an e-folding depth of 1 mm and 40 mm. The root meanbelow.
square deviation between all SSA values obtained in the two
cases range from 0.7 to 8.Fikg~! depending on the date 3.1 Atmospheric and topographic correction:
(mean 4.24 rikg~1). These variations are sufficiently small computation of ground reflectance from MODO02
to justify the use of a single value fdrin this study. Further radiance data
developments may consider using wavelength and perhaps
even SSA and density specifit values for an even more The radiance detected by a satellite sengapp) at a given
detailed computation of a representative surface SSA valuavavelength is the sum of several contributions including
corresponding to the remotely-sensed variable. (Fig. 2): the ground radiancéq 1 (i.e. the radiance of the
According to the minimum and maximum values pre- ground target) modulated by the ground-to-sensor atmo-
sented in Tabl®, the surface SSA was processed for the sixSpheric transmittancé,, the path radiancé,, (i.e. the ra-
studied dates from the outputs of SAFRAN-Crocus using andiance emitted by the column of atmosphere between the
e-folding depth of 1 mm and 40 mm respectively. The stan-Sensor and the target) and the background radidncg.e.
dard deviation of the SSA processed in these two cases ithe radiance emitted by pixels surrounding the target and
small (3.53mMkg1). This shows that a single value of the diffused towards the sensorpifguey et al.2009. Conse-
penetration depth can be used throughout the study to confuently, the ground radiance in the direcfiatefined by the
pute a relevant value for surface snow SSA from Crocus outZ€nith angl®, and the azimutkp, can be written asfumont
puts to be compared to MODIS-derived data regardless thét al, 2011)
spectral bands upon which the retrieved values are computed. R .- U
Outputs of the SAFRAN-Crocus model corresponding to Lyt By.dy) = L1oA(Bv, $v) — Lp(Ov, ¢v) — Lk (B, dv) A3)
the six acquisition dates of MODIS data were processed us- Ty
ing the procedure indicated above. The simulated SSAvalues 2r %
for each_ topographlc class were distributed throughout the=//Lg(Gi,cbi)p(@i,éu,d)i — &,) cos6) sin@)deide,
area of interest using elevation, slope and aspect computed
from the DEM. The value of the nearest topographic class
was simply assigned to each pixel, without any interpolation
of the simulated data.

00

1For more clarity, the wavelength dependence of all radiative
guantities will be omitted in the following equations.

2Considering that the distance between earth and satellite is far
longer than the sensor size, we assume that the conical radiance is
very close to directional radiance, and we make no difference in the
following between directional and conical radiance or reflectance.

The Cryosphere, 7, 741761, 2013 www.the-cryosphere.net/7/741/2013/
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Fig. 2. Radiance components. (1) Target radiaigget, (2) path
radianceLp, (3) background radiancgy, direct solar irradiance
Es, diffuse solar irradianceqy, (4) diffuse environmental irradi-
anceEnm, (5) reflected terrain irradiandg;. Adapted fromSirguey
(2009.

whereLg is the incident radiance received by the targei
the bidirectionnal reflectance distribution function (BRDF),
and @;, ¢i) the zenith and azimuth angles of the illumination,
respectively. The radiancky can be written as the sum of
several components (Fig) related to the direct solar irradi-
ancekEs, the diffuse solar irradiancEg, the diffuse environ-
mental irradiancez,, and the reflected terrain irradiante
For simplicity, we assume that the diffuse irradianégsand
Em are isotropic $chaepman-Strub et a006, as well as

Ey, although it has been shown that anisotropic treatment 0{

the diffuse irradiance may be more appropriddag et al,
2012. Ey and E; differ in the size of the neighbourhood
considered for their computation, 500 m of radius frand

1km for Em. As such, all three components can be accounte

for as a single diffuse irradiance componejj; . It follows
that

2t 7
f / Lg(6i, ¢i) Sin(6;) cos6;)dbid i = Escos(fs) + Eitr, (4)
00

whereds is the solar illumination angle on the tilted target
defined as ca¥s) = cog0s) cog6,,)+Sin(6s) sin(6,,) co ps—
¢,), Wherebs is the solar zenithgps is the solar azimuth, and

747

whereag O(Hi,¢i) is the two-dimensional Dirac delta distri-
bution defined by

82 (0.9)=0  if (0 —09°+¢*#0
S5 It 82 (6. 9)d0dg =1 '
Combining Egs.J) and 6) yields

~ ~ ~ ~ o~ ~ Ed-ff ~
Lg 1 By d) = Esco05) p(Bs, 6, —b) + ——a (@), (6)
wherea is the hemispherical-directional reflectance in the
direction®,. The Helmoltz reciprocity principle (6, 6., ¢ —
o) =06y, 6, ¢, — @) enables us to inverse Ed)(so that

7TLg T (évv ng)
EsC090s) R(By, s, ¢y) + it

whereR, the anisotropy factor, is defined as the ratio of the
BRDF to the hemispherical-directional reflectance ([Bee
mont et al, 2010.

While allowing the topographic effects to be addressed,
this formulation also enables the SSA to be retrieved under
two scenarios: (1) snow is a Lambertian surfaBe=(1); (2)
snow has a marked anisotropic reflectance function measured
by the anisotropy factor.

Under the first scenario, Eqr)(corresponds to Eq. (5) in
Sirguey et al(2009:

7w (Ltoa— Lp— Lk)
T, (st Eod—2cos0s) + Eq+ Em+ Et>

a(y) =

@)

a(év) =

©)

whereb varies between 0 if the pixel is considered shaded
o 1 if it is entirely illuminated.7,, and Ts are, respectively,
he ground-to-sensor and sun-to-ground atmospheric trans-
mittancesd is the Earth—Sun distance, afg the extrater-
restrial irradiance, both provided within MODO3 products.
The hemispherical-directional reflectanee, is computed
using Eq. 8) with the MODImLab algorithm $irguey et al.
2009 Dumont et al,2011). It calculatesF;, Ey anda using
an iterative method. The quantitiés, Es, Ty, Ts, Em, Lp,
and Ly are obtained using the SPCTRAL?2 radiative trans-
fer model Bird and Riordan1986. The shadowing factor
b is computed within MODImLab using the 125m DEM
based on an implementation of the horizon line algorithm of
Dozier et al(19813.

Under the second scenario, we retrieved SSA using a cor-
rection of the anisotropic reflectance of snow. The anisotropy

(6., ¢,) are the slope and aspect of the ground tilted pixel,factor is defined ag (6i, ¢, 6,) = 7 p(6i, ¢, 6,) /a (6). Mean

respectively. The isotropic assumption&yii allows Eq. @)
to be written as

Es Egife
—82 (6, )+ ——,
sindy =0

Lg(6i, ¢i) = %)
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anisotropy factors inferred from measurements in a cold
room on three types of snow and under three different illumi-
nation angles bypumont et al (2010 were used in Eq.7).

3.2 Computation of ground reflectance in MOD09
products

Ground reflectance provided in the MODO9GA V005 data
product are computed using the atmospheric radiative
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transfer model 6S\Mermote et al. 1997 Vermote and Ver-  values to the spectral reflectance for each MODIS band as a
meulen 1999. Although anisotropic surface reflectance be- function of the viewing angle.

haviour are taken into account in the MODO9 product, the In order to retrieve SSA from spectral reflectance values,
effects of topography are ignored in this product, he= we used several processing options:

1, Em = E; = Ly = 0, andds is replaced bys. o
1. using either MODIS band 5 only or MODIS bands 2, 5,

6, and 7 together although band 2 is sensitive to impuri-
ties;

Maps of ground reflectance were obtained with MODImLab 5 relying on absolute reflectance values or on the relative
from MODO2 data (corrected for topographic effects, and shape of the snow spectrum (i.e. the ratio between the
corrected or not for anisotropic reflectance effects), orreadily  pands considered and band 4). This ratioing enables to
available from MODO9 data products. account for the relative shape of the snow spectrum in-

Two general classes of methods were then employed 0 gteaq of absolute reflectance which could be affected by,
convert spectral reflectances into surface SSA values. Inone {5, example, atmospheric perturbations or local shade.

case, the spectral signature of snow was converted based on

a look-up table built from a wide range of DISORT runs. Al-  Similarly to Nolin and Dozie(1993, for each pixel to be
ternatively, the ART theory was employed. The two methodsprocessed, the algorithm searches the LUT and selects the
are described in detail below. An overview of the methodsSSA whose computed reflectance spectrum resembles most

3.3 From reflectance to SSA

and options is provided in Table that of the image according to the spectral distabaefined
as
3.3.1 Retrieval methods based on look-up tables built ) ) 2
using DISORT DESSA= Y n@)[am() —ap(SSALG)I®  (9)
i={2,5,6,7)

The retrieval of SSA values was only carried out for pix- \yhereqy is the observed reflectance vector from MODIS
els which are both non-shaded and identified as fully cov-gnq . is the reflectance vector from DISORT. The parame-
ered with snow (snow cover fraction = 1). We ignored shadedg s, ;) are weighting coefficients quantifying the sensitivity

pixels because of the fact that limited signal to noise ratiogt g4ch hand to SSA. They were established by evaluating the
introduced large uncertainties. Considering only fully snow- quantity pp(SSA= 5, b) — pp(SSA= 160, b). This yielded

covered pixels further permitted to ignore the compoundedy,o following values;(2) = 0.2, 7(5) = 0.7, 1(6) = 0.05
effects arising from the mixture of spectral responses an%nd:y(?) — 0.05 when using fomjr bands or,simpbyS) :1’

bi-directional reflectance of different targets. The sub-pixel,;on only band 5 was used. The SSA value for a pixel was

snow cover fraction was determined based on its linear relag, assigned whePmin was greater than a predefined thresh-

tionship with the Normalized Difference Snow Index (NDSI) 4 denotedD,. The value ofDy is discussed in Sect. 4.3.1.
after the atmospheric and topographic correcti@admon- '

son and Appel2006 Hall and Riggs2007). Thus, all non- 3,32 Retrieval method using non-spherical grains
shaded pixels whose NDSI was larger than 0.7 were consid- (ART)
ered to be fully covered. Although snow fraction was found
to be variable for a given NDSI bgalomonson and Appel One alternative method for obtaining SSA was considered
(2006, the use of a relatively high threshold and the fact thatthat takes into account the grain shape in a different method
NDSI was computed from ground reflectance corrected forthan the previously described method. Indeed, in the ART
atmospheric and topographic effects were considered a cortheory Kokhanovsky and Zeg004), snow grains are con-
servative means to retain fully covered snow pixels. sidered to be fractal rather than spherical as describidgn

We used the DISORT model to establish a relationship be-and Kokhanovsky2011ab). The fractal particle model was
tween SSA and reflectancBtamnes et 311988. We com-  introduced byMacke et al.(1996: the ice grain is mod-
puted reflectance values for a set of incident angles ranginglled as a tetrahedron with small tetrahedrons attached to
from 2 to 88 by steps of 2, SSA values ranging from 2 to each plane of the initial tetrahedron. This model was found
160 n? kg1 by steps of 1rfikg—1, and wavelengths corre- to be capable of describing the snow BRIMokhanovksy
sponding to MODIS bands 1 to 7. DISORT calculations for et al, 2009. The method relies on one visible (band 4) and
high zenith angle are highly uncertain but these high zenithone NIR (band 5) channels. It accounts for the effect of
angles concern very few pixels of the MODIS data. Averageslope on the incidence and viewing angles, as well as for the
viewing zenith angles vary between 23 and @8pendingon  anisotropy of snow reflection. The method was applied only
the date. We ignored the presence of impurities in the snowo MODOS9 products for pixel whose NDSI exceeded 0.6, re-
because they are not expected to affect substantially the rdlectance on band 4 exceeded 0.6 and incidence angle was
flectance in the spectral bands that are most sensitive to SSkwer than 70. This method is primarily to be compared with
(Warren 1982. A look-up table (LUT) was builtto link SSA  the DA method (see TabK) which uses the same products,
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Table 4. Nomenclature of the retrieval methods.

Abbrev. Meaning: Reflectance  Topographic Data Ratio
modelling correction

D.T.A. DISORT-based LUTs witff opographic correction on MODO02 data andDISORT Yes MODO02 No
Absolute reflectance.

D.T.A.A. DISORT-based LUTs witfT opographic and\nisotropy correction on DISORT Yes MODO02 No
MODO2 data and\bsolute reflectance.

D.A. DISORT-based LUTs on MODO09 data wifibsolute reflectance DISORT No MOD09 No

D.R. DISORT-based LUTs on MODO09 data with baRdtio DISORT No MODO09 Yes

ART ART theory on MODO09 data ART No MODO09 Yes

no topographic correction but uses the DISORT LUT-based Although it may seem satisfactory that the ground mea-
retrieval method. surements are in good agreement with SAFRAN-Crocus out-
put and one of the MODIS retrieval methods (DTA), we em-

, . phasize that this attempt to use ground measurements as a
4 Results and discussion validation of the satellite retrieval methods and numerical
simulation outputs is considered preliminary and should be
complemented by many more ground-based in situ measure-
ments in the future.

According to Eq. {), the SSA is inversely proportional
to the optical radius. Studies reporting on the retrieval of
snow properties from satellite data often refer to the opti-
cal radius Fily et al, 1999 Painter et a.2009 Negi and 42 Meteorological and snow conditions during the
Kokhanovsky 20118, while some others tend to refer to snow season 2008—2009

SSA Dumont et al. 2012. It is worth noting that the use

of SSA is more appropriate when studying small grains withFigure 3 shows the daily mean air temperature provided
high albedo. Indeed, in terms of snow albedo, a given variahy SAFRAN at 2100m, and snow height simulated by
tion of SSA in the higher range of SSA values has a strongelSAFRAN-Crocus at 1800m and 2100 m on flat terrain for
impact in terms of snow albedo than a similar variation in the season 2008—2009, on the Grandes-Rousses massif. The
the lower range of snow SSA values. Therefore, as long asix dates of MODIS acquisitions in 2009 are marked as verti-
radiative transfer and surface albedo are concerned, statistiesl lines. The scenes are characterized by recent snowfalls for
computed based on SSA are a more appropriate metric thap009-01-09, 2009-01-25, settling periods for 2009-02-26 and
optical grain sizeNlorin et al, 2012). Nevertheless, here the 2009-03-21, a recent snowfall only above 2000 m for 2009-
results of this study are reported in terms of both SSA ando4-22, and a melting period for 2009-05-06. Figdrghows

optical radius. the colour composite of MODIS images on the six dates of
) ) the study. Figurés illustrates the SSA obtained from DTA
4.1 Comparison to field measurements retrievals for all dates.

Table5 shows an overview of the comparison between simul-4 3 Comparison of the retrieval methods and options
taneous estimates the SSA of surface snow using in-situ mea-
surements, MODIS-derived estimates and SAFRAN-Crocudn this section, we compare the values obtained from the var-
simulated values. It shows that MODIS DTA SSA retrievals ious retrieval methods tested here using different options to
and SAFRAN-Crocus data are the closest to field measureSAFRAN-Crocus outputs. Figu@shows the SSA maps ob-
ments. SSA MODIS data retrieved without topographic cor-tained with SAFRAN-Crocus and the DTA method for 2009-
rections (DA and DR) exhibits significant biases compared03-21.
to field measurements. The measured intrapixel variability Tables6 and7 summarize the SSA and optical radius re-
is up to 5.1kg~L. This underlines the need for making sults obtained with each method on the six dates. We used
numerous field measurements inside the pixel area to be a®ur statistics, applied to both SSA and optical radius, to re-
representative as possible of the snow properties within eacport on and assess the performance of each method:
MODIS pixel. For the two dates considered, the standard de-
viation of MODIS-derived data within a topographic class is
low (2.4 and 1.7 rAikg~1). This indicates that on these dates,
the semi-distributed approach followed by SAFRAN-Crocus 2. the root mean square deviation (RMSD) and mean value
seems sufficient to represent the variability of the SSA of of the pixel-to-pixel difference between each of the
surface snow. tested methods and SAFRAN-Crocus estimates (see for
example Fig6c).

1. the mean and standard deviation of the variable over the
whole area,
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Fig. 3. Snow height simulated by SAFRAN-Crocus for the season
2008-2009 on the Grandes-Rousses massif, at 1800 m (blue dashe g
line), and 2100 m (blue plain line). The green curve plots daily mean
air temperature, issued from SAFRAN at 2100 m. Red vertical lines §
indicate MODIS acquisitions dates. ¥

All statistics were computed based on pixels where all re-
trieving methods successfully provided an estimate of snow
SSA.

Although SAFRAN-Crocus outputs can by no means be
considered ground truth for the evaluation of the different
retrieval methods employed, it was used here as a commor
benchmark to compare the different methods. It was con-
sidered that the overall realism of the meteorological driv-
ing data along with the detailed numerical simulations of
the physical properties of the snowpack, evaluated indepen-
dgntly |n.several previous studies, provides a physically COI.q_Fig. 4. Colour composite of MODIS images of study area (Rip.
sistent view of the general features of surface snow SSA 'rhsing bands 1 (red), 3 (blue), 4 (green).
the domain and the time span considered. Whether the output ’ '
of a given retrieval method is in agreement with the general
features of the SAFRAN-Crocus output is hypothesized here

: 1
to mean that the large scale features of the physical propth€ other hand, the RMSD varies between 1 and Akgn

erties of the uppermost snow layers are well represented if°’ @ threshold lower than 0.15 and then increases regularly
the MODIS-derived surface snow SSA estimate. Figule ~ With Do. An optimal value ofDo minimizing both RMSD
lustrates how the mean SSA and optical radius values com2nd mean difference in average would be about 0.14. With
pare with SAFRAN-Crocus estimates for each method. Fig_thls threshold, the methqd using four bands provides data for
ure 8 summarizes the corresponding RMSD of all methods@P0ut 87% of the pixels; in this case, the RMSD between the
for both SSA and optical radius. MODIS-derived and SAFRAN-Crocus values were approx-
imately the same whether four or one band were used, with
4.3.1 Influence of selected spectral bands 14.0 and 14.8 rAkg 1, respectively. The overall SSA mean
difference on the subset was reduced from 12kgr* when
Here we describe the impact of using either only one (bancusing band 5 alone te 0.1 n? kg~1 with four bands.
5) or four (bands 2, 5, 6 and 7, see Tab)eiODIS spectral Using four bands generally yields smaller SSA values: this
bands in the retrieval algorithm using DISORT-based LUTSs. result is consistent withi et al. (2001) who reported the fact
In the case of the DTA method, we observed that when usthat the SSA usually decreases with depth in the first cen-
ing only band 5 (1240 nm) the RMSD slightly increases with timeters, consistent with the generally observed decrease of
Do. In contrast, the performance of the method using fourSSA with time Domine et al.2008, and the fact that band 2
bands 2, 5, 6, 7 actually depends on the valuegfcho- (860 nm) penetrates deeper in the snowpack, as shown in Ta-
sen. For aDg smaller than 0.2, the number of pixels that can ble 3. In the following, due to the fact that the obtained results
be used falls and the mean difference strongly increases. Oare not significantly different, only computations using only
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Table 5. Measured, MODIS retrieved and SAFRAN-Crocus simulations of SSAk@ﬁl) on two different locations of the Belledonne

massif during winter 2012. For field measurement@ndn are the standard deviation and number of measurements carried out in each
pixel. DTA, DA and DR refer to the MODIS-derived SSA at the location of measurements. MODIS DTA Topographic Avg is the mean SSA
within the retrieved pixels of the Belledonne massif belonging to the same topographic class (massif, elevation, slope, aspect). In this case,
o is the standard deviation within these pixels arttieir number.

Field DTA DA DR DTA SAFRAN-
Measurement Topographic Avg  Crocus
2012-03-13 8.3 7.2 120 320 9.2 8.3
Lacs Robert, flat, 2000m  o(=5.1;n = 10) c=24;,n=29)
2012-03-14 7.6 6.4 12.0 30.0 8.0 6.8
La Botte, 158, SW, 2100m & =2.9;n=05) (c=217;n=20)

band 5 with aDg value of 0.02 are reported and discussedten with partial derivatives as follow:
here.

Ao da ALy da | AEm AE: AEyg

4.3.2 Influence of topographic correction — =+ — 10
N pographi ! ATE 0Lk ATE+ dEq | ATE + ATE+ ATE (10)
———— e | —— —— S
The retrieval methods ignoring topographic correction (i.e., <0 >c~] <0 >0 >0 <0
DA and DR) yielded higher SSA (smaller optical radius) es- 8_0: A
timates compared to DTA and SAFRAN-Crocus. This was 30s ATE'
largely marked for dates with high SSA/small optical radius ;ﬁ;’bTe
>0

(Table7). The biases and RMSD in terms of SSA and optical
radius were also significantly higher for DA and DR than for The shadowing factab, although included in TE, is omit-
any other method (Tablg). ted in this equation since only non-shaded pixels f.e.1)
Figure 7a shows that DTA and SAFRAN-Crocus were were considered in our retrievals (cf. S&&8.1). The signs
in good agreement for relatively small SSA values, while of 0a/d Lk andda /0 Eq are known from Eq.&). AL, /ATE,
higher SSA exhibited more dispersion. The overall mean dif-AE;/ATE andA Ey,/ ATE are positive sinc&,, Er and Lk
ference associated with the DTA method over the six datesre equal to 0 without topographic correction and positive
was 0.1 kg1, with the largest mean difference being otherwise.AEq4/ATE has a negative sign since the topo-
—12.0nt kg~1 =30 % relative mean difference (Tabigon graphic correction restrictgq to the part of the atmosphere
2009-01-09. The RMSD computed for each date ranged fronabove the horizon lineSjrguey et al.2009. AE/ATE rep-
2.9 to 25.9 kg~ with lower RMSD associated with lower resents the irradiance directly reflected by the surrounding
SSA. The average RMSD for the DTA method over the six pixels in the portion of the atmosphere below the horizon
dates was the smallest of all methods with 9% . How- line. In a first approximation and given the relatively high re-
ever, over the six dates 54 % of pixels had an absolute differflectance of snow, we can assume thatis decreasing less
ence lower than 5/kg~1, so that the RMSD is largely due than E; is increasing when taking into account topographic
to a relatively small number of pixels showing a large devi- effects. Under this assumptipn E;/ ATE + AE;/ATE] has
ation to SAFRAN-Crocus values. In terms of optical radius a positive sign.d«/d6s has a positive sign since the re-
estimates, the DTA method was the second in best consislectance is increasing with the solar zenith angle. Finally,
tency with SAFRAN-Crocus after the ART method with an AéS/ATE represents the variation frody to fs. Conse-
overall mean difference 6f7.8 um and RMSD of 129.6 um quently, it only depends on the slope and aspect of the ground
(see Table). pixel, according to the definition @ in section3.1 Thus, its
Therefore, this comparison suggested that the correctiosign is pixel-dependent and is determined by the interaction
of topographic effects in the reflectance calculation results inbetween the sun, the topography and the surface reflectance.
smaller SSA (higher optical radius) with better agreement toNeverthelesd, dwe and Helbid2012 showed in the simpli-
those simulated by SAFRAN-Crocus. fied case of a Lambertian BRDF, atmospheric effects being
This observation can be explored analytically by studyingneglected and with single terrain reflections, that the higher
the sensitivity of Eq. §) to topographic effects (TE). TE is the subgrid orography, the lower the effective albedo. This
a variable quantifying the amount of local topographic ef- yields thatA«a/ATE has probably a negative sign in a first
fects taken into account. It increases with the number of to-approximation, and this confirms that including topographic
pographic corrections used, e.g. slope, multiple reflectionseffects in reflectance calculations results in a lower appar-
etc. The reflectance variation with regards to TE can be writ-ent reflectance, which is converted to a smaller SSA by the
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Fig. 5. SSA maps obtained from DTA. Elevation lines are 1000 m spaced. Grey pixels are shaded areas. White pixels are not detected as
snow. Delimitation of the SAFRAN massifs Belledonne, Grandes-Rousses and Oisans are also drawn.

retrieval algorithms. In additionEy, Ei, and Ly increase  4.3.3 Influence of normalization

with reflectance and SSA, and hence sgfa/ATE|. The

impact of correcting topographic effects is therefore moreThe use of band ratios (as defined in S&8) instead of

pronounced on dates with relatively higher SSA. absolute reflectance values proved to have an impact on the
retrieved optical radius and SSA. When considering topo-
graphically corrected data only, the use of band ratios yielded
generally higher SSA. SSA mean values were twice higher
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Table 6.Retrieved SSA, on first line (?rkg—l), and optical radius, on second line (um), for the different methods over the six studied dates.
The standard deviations are provided in parenthesis.

Date SAFRAN- DTA DTAA DA DR ART #
Crocus Pixels

2009-01-09  40.1(4.4) 28.2(13.9) 40.4(26.5) 65.1(39.0) 53.4(20.5) 49.9(36.2) 507
83(10)  148(96)  119(95)  81(115)  74(101) 106 (75)

2009-01-25 37.8(7.7) 42.6(23.3) 69.0(43.2) 73.9(47.0) 62.9(20.3) 59.1(37.8) 124
90(16) 105 (80) 82(83)  91(159) 69 (142) 87 (62)

2009-02-26 12.9(3.6) 16.3(9.6) 20.3(17.7) 24.8(16.0) 29.3(14.5) 165(11.7) 997
272(65) 258 (135) 250 (159) 181(135) 137(118) 270 (141)

2009-03-21  8.7(1.3) 11.4(3.7) 121(5.7) 17.0(15.0) 22.8(19.9) 12.3(13.0) 908
383(57) 318(121) 319(129)  240(90)  177(56) 336 (109)

2009-04-22 14.7(7.1) 13.6(9.1) 14.0(122) 157(9.2) 24.2(150) 12.8(7.3) 386
280(135) 332(190) 347(212) 283(188) 195(173) 337 (167)

2009-05-06  7.2(1.4) 80(25)  7.8(25)  9.2(8.7) 159(129) 7.3(5.6) 248
469 (75) 439(106) 452 (108) 424 (185) 263 (173) 503 (130)

(and the other way around for the optical radius) and largelythe theoretical reflectance ratio can be formulated as
departed from SAFRAN-Crocus estimates. e @t a*Samt — ot Sa

Band ratioing involves a division by the reflectance in A = —& — —nir _ “v M “nir 0 (11)
a visible band (typically high for snow). In fact, reflectances a oy o (o +dany)

gt visip_le wave_lengths are inf!uenced by other factors, suc_h a%hereanir anda,, respectively, represent NIR and visible
impurities, which can result in reflectances lower than sim-reflectances. Since visible wavelengths are barely sensitive
ulated ones. Thls undergstlmatllon of visible reflectan_ces iNto SSA, o andsa, can be assumed independent of SSA.
duces overestimated ra_ltlos. This Ie_a_ds to an overestimatiof,, contrast .y, varies with more than a factor three when
of SSA values when using band ratioing. SSA varies from 5 to 60 Akg~1. Over the same rangéynir

When considering data retrieved without taking into ac-yaries as a first order of,i; with SSA. Thus, the second term
count topographic effects, the impact of band ratios differy« 5o, of the numerator has larger variance than the first
whether looking at SSA or optical radius. SSA values still term, makingA > 0 when SSA and, are small, and\ < 0
show higher SSA for band ratioing (DR) than for absolute yhen SSA andy, are large. This explains why DR overes-
reflectance method (DA) on dates with small mean SSA, buimates SSA when the SSA is small, and underestimates it
smaller SSA on dates with higher SSA values (T&IOpti-  \yhen the SSA is high. This effect, together with overestima-
cal radius values are always lower when using the band ratigions due to impurities can explain the sign of the difference
method, except on 2010-01-12 where both methods give verpetween DA and SAFRAN-Crocus, and DR and SAFRAN-
similar values (Tablé). Crocus, respectively.

The use of band ratio is a rather simple approach which
can be used to overcome the error due to ignoring topo4.3.4 Influence of grain shape and anisotropy
graphic effects on absolute reflectance. Indeed, since all
spectral bands are similarly affected by local illumination an- Figure7a shows that DTAA method retrievals leads to higher
gle, using a band ratio can be viewed as a form of topographi¢nean SSA on dates with high average SSA values (about
normalization. However, the amplitude of topographic ef- +50 %), whereas it has very little impact on dates with
fects remains dependent on wavelength due to the imporlower mean SSA values. The mean difference and RMSD to
tance of other topographic contributions suci.gsEm, and SAFRAN-Crocus are higher for DTAA than for DTA. This
Et. We demonstrated in Se@t.3.2that Aa/ATE < 0. Call- is consistent with the fact that this correction has very lit-
ing o« the MODO9 reflectance (i.e., without topographic cor- tle impact in terms of optical radius (Figgb and8). The
rection) andx* the topographically corrected reflectance, it anisotropy correction implemented here is quite simple, as
comes thatr = a* + 8, with 3 > 0. This overestimated re- it uses the anisotropy factor inferred from measurements by
flectance would lead to overestimates of SSA as confirmedoumont et al.(2010 for three types of snow, featuring rel-
by higher mean difference values for DTA than for DA in atively low SSA. This correction seems to be too strong for

Table7. Alternatively, comparing the DR reflectance ratio to snow with a high SSA, whose anisotropy is generally less
pronounced than small SSA snolm(mont et al,2010. This
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Table 7. Root mean square deviation (and mean difference in parenthesis) of the methods over the six studied dates. SSA on first line
(m2 kg_l), optical radius on second line (um). The number of pixels on which the computations were carried out is similar@o Table

RMSD DTA DTAA DA DR ART
(mean difference)
2009-01-09 18.4412.0) 26.1(0.3) 47.0 (25.0) 25.1 (13.3) 382 (9.7)
115 (65) 102 (36) 11542) 101 9) 80 (23)
2009-01-25 25.9 (4.8) 54.5 (31.2) 60.7 (36.1) 33.0 (25.1) 44.3 (21.3)
86 (16) 87 ¢7) 160 (2) 143 £21) 65 3)
2009-02-26 9.5(3.5) 18.2 (7.4) 20.1(11.9) 21.8(16.4) 12.6 (3.7)
122 (-13) 143 (22) 168 (-90) 185 (-134) 141 €2)
2009-03-21 4.2 (2.7) 6.2 (3.3) 17.1(8.3) 24.3 (14.1) 13.4 (36)
131 (-65) 134 (-64) 173 (143) 217 (206) 119 (-47)
2009-04-22 8.741.1) 11.2 (0.7) 8.8 (1.0) 16.5 (9.4) 7841.9)
182 (51) 205 (67) 190 (2) 216-@5) 164 (56)
2009-05-06 2.9(0.8) 2.9 (0.6) 9.2 (2.0) 15.7 (8.7) 5.9(0.1)
125 (-30) 123 ¢17) 200 (-45) 277 (-206) 152 (34)
Average 9.4(0.1) 15.4 (4.5) 22.9 (11.8) 22.4 (14.1) 17.1 (4.4)

129.6 (-7.8) 137.7(12.9) 165.8(72.8) 189.3(129.9) 1256+1.1)

is also the reason why the correction has a significant effecels the accuracy of retrieved SSA is likely to decrease. Con-
in SSA but not in optical radius. sequently, application of the algorithm in polar regions where

As for DTAA, the ART method also gives SSA mean val- sastrugi are hnumerous should be treated with caution. Using
ues significantly higher than SAFRAN-Crocus on dates withdata from other sensors (e.g. multi-angle senddadif and
high SSA values, and values close to the model results oPayne 2007 or laser altimeter) could help in the future to
dates with low mean SSA values (Figa). The ART re-  better characterizing surface roughness and improve the al-
trieved optical radius are the closest to SAFRAN-Crocusgorithm.
estimates. Compared to the outputs of the DA method, the Mixed pixels and surface roughness can thus explain the
mean difference and RMSD are reduced (Tahl& his indi-  fact that the simple anisotropy correction applied in this
cates that the impact of taking into account the grain shape istudy leads to potentially overestimated SSA values when
as significant as the impact of addressing multiple reflectionaising the DTAA method.
on the retrieved SSA values at least for low SSA values.

4.4 Detailed comparison of the DTA retrieval method

4.3.5 Mixed pixels and surface roughness with SAFRAN-Crocus model outputs

In mountainous terrain, 500 ix 500 m pixels fully cov- In this section we compare SSA values obtained from DTA
ered by snow are sparse. The presence of rock or vegetatiartrievals (MODO02 band 5 topographically corrected radi-
modifies the directional reflectance distribution of the pixel ances, using absolute reflectance) for comparison with es-
which in this case largely departs from the snow anisotropytimates from SAFRAN-Crocus. As shown in Seét3 this
factor or Lambertian assumption applied here. To addressnethod is the most consistent with of SAFRAN-Crocus
this problem, spectral unmixing including snow, soil, veg- surface SSA values. The following analysis takes into ac-
etation and rock spectra could be applied as described iount pixels for which estimates existed both for DTA and
Painter et al(2009 and the anisotropy corrections would be SAFRAN-Crocus. Many more pixels were available for this
applied only on the part of the pixel reflectance attributed tomethod (more than 2000 on average) than in the subset for
Snow. which all methods overlapped, thus making the statistics re-
In addition, it is likely that within a pixel area the sur- ported below slightly different than those presented earlier.
face of the snowpack largely differs from a flat surface In the Crocus model, the representation of snow mi-
due for example to wind drifted snow. Surface roughnesscrostructure leads to SSA values bounded between 1 and
also induces changes in BRDF (elgroux and Fily 1998 65 kg~L. The SSA retrieved from MODIS data can range
Hudson and Warrer2007 Zhuravleva and Kokhanovsky between 2 and 160%kg~1. This discrepancy between the
2012, Kuchiki et al, 2011). This point is not taken into ac- two SSA ranges may introduce an asymmetry in their statis-
countin our retrieval and consequently, on highly rugged pix-tics, despite the limited number of pixels for which the SSA
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was estimated to exceed 65 ky—! based on MODIS re-
trieved data.

4.4.1 Intraclass SSA variability

Figure 9 shows the standard deviations of SSA values
from SAFRAN-Crocus and MODIS data on the six dates.
The standard deviation is systematically higher for satellite-
retrieved data. Maps of SSA illustrated in F&yalso illus-

trate the greater dispersion of DTA values. Both data sources
have very different signal entropy, i.e. even on the same num-
ber of pixels, the two datasets feature different degrees of
freedom. Indeed, while SAFRAN-Crocus provides estimates
based on a discrete subset of topographic parameters (classes
defined by massif, elevation, aspect and slope) representing
891 different classes altogether (cf. TaB) each MODIS

pixel is considered independant from each other.

In fact, the mean standard deviation for DTA within
classes represented by at least 10 pixels is 18igmt
(whereas this standard deviation is, by definition, zero for
SAFRAN-Crocus). We computed “smoothed” SSA maps,
where the SSA on each pixel was replaced by the mean SSA
of all pixels corresponding to the same SAFRAN-Crocus
topographic class. The standard deviation of the resulting
map was significantly reduced as shown in Biglt demon-
strates that most of the difference of variability between
SAFRAN-Crocus and DTA originates from the inherent vari-
ability of DTA estimates within the same SAFRAN-Crocus
class, which could not be captured by the model. Based on
the “smoothed” SSA map, the RMSD between DTA and
SAFRAN-Crocus decreased from 9.4 to 7.9kg~1. This
suggests that about 25 % of the RMSD between MODIS and
SAFRAN-Crocus SSA values originates from the variability
of the SSA retrieved from satellite measurements for a given
constant altitude, slope and aspect. This intra-classes vari-
ability in the MODIS retrieved values may stem from local
topographic effects such as sun direct light shadowing and
wind drift, from mixed pixels, and also from surface rough-
ness.

Figure 10 represents the standard deviation of the differ-
ence bewteen DTA and SAFRAN-Crocus SSA values within
each topographic class of the SAFRAN-Crocus model rep-
resented by more than 10 pixels. For this figure we used
the configuration of the model described in S&tb but
also a configuration with a reduced number of classes (only
2 slopes and flat and 6 aspects). This corresponds to the
operational configuration of the SAFRAN-Crocus-MEPRA
model chain used for avalanche warning activities atéd-
France Durand et al. 1999. In this case, 287 topographic
classes are represented by more than 10 pixels, whereas 423
are present in the configuration used throughout this article.

Elevation lines are 1000 m spaced. Grey pixels are shaded areaghe standard deviations are higher for the reduced number

Pixels not detected as snow are indicated in white. Delimitation of
the SAFRAN massifs Belledonne, Grandes-Rousses and Oisans a
also drawn.

www.the-cryosphere.net/7/741/2013/

of topographic classes (median 4.9 and mean 8.kgn')
tRan for the usual configuration of the model (median 3.9
and mean 6.0 Akg~1). This indicates that the variability of
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raphy effects tend to depend strongly on the date. In addi-
retrieved SSA is relatively low for the studied dates when us-tion, effects related to the position of the sun are related to
ing a larger number of topographic classes. Thus the use of a combination of slope and aspect. For DTA, standard re-
semi-distributed approach seems reasonable to represent tigeession techniques (not shown here) show the significance
variability of the snowpack consistent with the scale of the of all predictors, as well as of the interactions between date

MODIS pixels. and massif, and date, slope and aspect. This means that the
influence of elevation, massif, slope and aspect varies sig-
4.4.2 Interclass SSA variability nificantly from date to date. All listed factors, variables and

interactions are found significant at the 0.05 confidence level.
We analyse here the variability of SAFRAN-Crocus and For SAFRAN-Crocus, all predictors are found significant,
DTA retrievals by means of a multiple linear regression of except slope whose influence appears only through interac-
log(SSA over topographic parameters and date. We usedions. The percentage of variance explained by these statis-
log(SSA) rather than SSA to overcome limitations of the lin- tical models reaches 68 % for DTA with 11 957 degrees of
ear regression technique due to the asymmetry of SSA disfreedom. It raises to 88 % for “smoothed” DTA, which shows
tributions between the two datasets compared. The predicthat the signal retrieved from the sensor is deeply linked to
tors used are date, elevation, slope, aspect, and massif. Wepographic parameters once the inter-pixel variability has
also took into account predictor interactions, because topogbeen removed within a given class. For SAFRAN-Crocus,
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SAFRAN-Crocus SSA values within each topographic class of the
model represented by more than 10 pixels. The values are computed

including data for the six dates studied for two configurations of the F19: 11. Repartition of log(SSA) with regards to elevation for
model: the one presented in Sectidis and a reduced one using SAFRAN-Crocus (in black) and DTA (in blue), with linear regres-

only 3 slopes (20 and 4and flat) and 6 aspects (N, E, SE, S, SW, Sions, on 2009-04-22.
W). The thick black line is the median value. The box represents
the first and the third quartiles. Minimum and maximum values are
also indicated for each configuration. the SSA in Crocus, can explain the lower SSA observed for
SAFRAN-Crocus.
Figure 12 shows SSA from DTA and SAFRAN-Crocus
with regards to aspect for the six studied dates. It illustrates
the percentage of variance explained reaches 93 %, consi®oth for SAFRAN-Crocus and DTA the variations for each
tent with the fact that SAFRAN-Crocus simulations are ex- date upon the general influence of the aspect on SSA. The
plicitly linked to these predictors in a physically determinis- highest SSA are located on northern slopes, then western,
tic manner. eastern, and the smallest SSA on southern faces. This result

The influence of date is predominant on two items: theis consistent with the amount of solar radiation received by
mean SSA, as Tablé shows, and the magnitude of topo- these slopes. Again, it is noticeable on Fig.that the vari-
graphic gradients of SSA. Indeed, topographic parametersbility due to the aspect is more pronounced for DTA than for
have a variable correlation with SSA depending on the dateSAFRAN-Crocus. This difference may come from the ideal-
This result is consistent with the meteorological conditions:ized relief of SAFRAN-Crocus, which ignores the possible
just after a snow fall, or late in the season, the snowpack bepresence of neighbouring slopes, bringing either shade dur-
comes more homogeneous so that gradients tend to vanishing part of the day or additional illumination by reflection.

DTA and SAFRAN-Crocus SSA data show a significant  The influence of slope is less visible than that of aspect.
increase of SSA with elevation (Fid.l). The magnitude SSA tends to decrease when the slope increases, but the in-
of the gradient varies from date to date, with smaller al-fluence of slope actually depends on the aspect and date. The
titude gradients shortly after a snowfall or late in the sea-influence of slope is complementary to the one of aspect, as
son. This result is consistent with the general understandthe local solar incidence angle is a combination of both pa-
ing of the physical properties of snow in mountainous ter-rameters (see Se@.1). For sun facing slopes and when the
rain (Armstrong and Brun2008. We note that the altitude sun elevation is low in winter, the solar illumination angle
gradient is often more pronounced for DTA retrievals than decreases as the slope increases. Hence, the SSA decreases
for SAFRAN-Crocus estimates. For the lowest elevationsfaster with higher slopes, which explains the negative impact
and lowest SSA values, we can link this observation to theof slope. Though, this parameter has less influence than as-
fact that SAFRAN-Crocus seems to underestimate the rat@ect on the SSA, as the slope range is smaller than the aspect
and magnitude of SSA decrease in aged snder{n et al, range. Here again, this effect is more pronounced for DTA
2012. For the highest elevations and the highest SSA val-than for SAFRAN-Crocus. In addition, the forward scatter-
ues, the difference of SSA definition range between Crocusng peak is more often sampled from MODIS for sun facing
and DTA, and especially the upper limit at 65 kg1 for slopes. Consequently, the MODIS retrieved SSA with DTA
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may be biased high. This suggests that the SSA decreasand spherical disconnected particles) is the most consistent
is even more pronounced in reality than the DTA methodwith the SSA provided by the estimates of SAFRAN-Crocus
shows. Additional field measurements are needed to lend furand with field measurements. In this case, the overall RMSD
ther support to this observation. is 9.4nfkg~! and the mean difference is 0.Fkg~1. The

The influence of the massif is briefly presented and dis-differences with the other methods are larger on date with
cussed below. The Belledonne massif features the loweshigh mean SSA values (high reflectance), where the other
SSA of the DTA record, but the highest SSA for SAFRAN- methods (including band ratioing) tend to give higher SSA
Crocus outputs. These trends are not monotonic and actuhan SAFRAN-Crocus.
ally dependent on the date, although SAFRAN-Crocus and Furthermore, the method shows significant SSA relation-
DTA also often differ in their temporal trends. This is the ships to topography. Mainly, the retrieved SSA increases with
only predictor considered where the retrievals and the modetlevation, and decreases with the amount of incident so-
disagree on the trends of variability. This behaviour needdar radiation, which is linked to the solar zenith angle. The
a larger dataset to be analyzed in detalil. comparison of these SSA variations to SAFRAN-Crocus re-

These results strengthen our confidence in MODIS dataseals that they are consistent, although the MODIS retrieved
retrievals, as the technique show physically consistent bevalues show more variability linked with topography than
haviours of retrieved SSA. The relative differences betweenSAFRAN-Crocus estimates.
retrievals and SAFRAN-Crocus — mainly, gradient intensity The results expressed in terms of optical radius are less
or massifs heterogeneities — calls for further in-depth com-pronounced. They still show a positive influence of the to-
parisons. A larger set of data over a whole snowy season, anpographic correction, but with as much benefit as when
validation against field measurements of SSA, are requiresnly assuming non-spherical particles and correcting for the
to further analyze these results, buiding on the methodologyanisotropy. The respective improvements of using either to-
outlined in the present study. pographic correction or non-spherical particles encourages

the combination of the two methods in further work. Further-
) more, the presence of mixed pixels could not be excluded and

5 Conclusions surface roughness is not taken into account. These two facts

. . can partly explain that the anisotropy corrections, not ade-
In this work, we assessed the effect of accounting for (1) the partly exp Py

_ ) : guate to mixed pixels and roughness, does not benefit to the
local topography and multiple reflections, (2) the anISOtrOp_yretrieval. In future work, these problems should be addressed

of snow ‘.i”d.'ce ref!ectlon, (3) the shape Of.SnOW 9rains, My, order to reduce the uncertainties of retrieval implied by
snow grain size retrievals from MODIS data in mountalnousthese features

areas. We compared different methods (with combinations The mean variability of SSA within the topographic

of these effects) on six clear sky dates representative of th%lasses of SAFRAN-Crocus estimated using MODIS data
different states of the winter snowpack, in the French Alps.varies from 8 to 6 Akg—L when the number of classes in-

In terms of SSA, the method using a topographic Correctioncreases: from roughly 300 to 400. Along with the results of
on absolute reflectance (though assuming Lambertian surface
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the field measurements, this seems to indicate that semi- earth’s surface for cloudless atmospheres, J. Clim. Appl. Meteo-

distributed snowpack modelling with a sufficient number rol., 25, 87-97, 1986.

of classes gi\/es a Satisfying representation of the snowBoone, A., Masson, V., Meyers, T., and Noilhan, J.: The influence of

pack variability for these dates in the French Alps at the theinclusion of soil freezing on simulations by a soil-vegetation-

scale of the MODIS 500m pixels. This is consistent with ~atmosphere transfer scheme, J. Appl. Meteorol., 39, 15441569,

the results ofriddes and Grubg2012, who demonstrated 2900' . .

. . Bouilloud, L. and Martin, E.: A coupled model to simulate snow

that lumped land surface simulations could match the per- behavior on roads, J. Appl. Meteorol., 45, 500-516, 2006

fo_rmance of fully distributed simulations provided that a Bourdelles, B. and Fily, M.: Snow grain-size determination of Land-

minimum number of adequately chosen classes are con- satimagery over Terre Atlie, Antarctica, Ann. Glaciol., 17, 86—

sidered. This study opens the way to the assimilation of g2 1993,

MODIS-derived information over wide geographical ar- Box, J. E., Fettweis, X., Stroeve, J. C., Tedesco, M., Hall, D. K.,

eas in the detailed snowpack model Crocus. Our find- and Steffen, K.: Greenland ice sheet albedo feedback: thermo-

ings indicate that such an assimilation may be appropri- dynamics and atmospheric drivers, The Cryosphere, 6, 821-839,
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