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Abstract. Snow grain size is a key parameter for modeling (Domine et al., 2008). At high microwave frequencies (gen-
microwave snow emission properties and the surface energgrally measured at 19 GHz and 37 GHz), show grain size is
balance because of its influence on the snow albedo, therman important variable affecting snowpack extinction and scat-
conductivity and diffusivity. A model of the specific surface tering properties (Kontu and Pulliainen, 2010; Grody, 2008;
area (SSA) of snow was implemented in the one-layer snowDurand et al., 2008; Roy et al., 2004). Thus, snow grain
model in the Canadian LAnd Surface Scheme (CLASS)size must be considered in microwave snow emission mod-
version 3.4. This offline multilayer model (CLASS-SSA) els (MSEM) for the retrieval of snow properties from satel-
simulates the decrease of SSA based on snow age, snolite passive microwave observations (Langlois et al., 2012;
temperature and the temperature gradient under dry snowluang et al., 2012; Pagdcet al., 2007). Hence, in passive mi-
conditions, while it considers the liquid water content of crowave applications, prior information such as snow grain
the snowpack for wet snow metamorphism. We comparesize from a snowpack physical model is required for snow
the model with ground-based measurements from severalater equivalent (SWE) estimates (Durand and Liu, 2012).
sites (alpine, arctic and subarctic) with different types of The surface albedo is also sensitive to the snow grain size and
snow. The model provides simulated SSA in good agree-ts vertical profile (Wiscombe and Warren 1980; Jin et al.,
ment with measurements with an overall point-to-point com-2008; Lyapustin et al., 2009; Aoki et al., 2011). Gardner and
parison RMSE of 8.0/kg 1, and a root mean square er- Sharp (2010) found that the broadband albedos of snowpacks
ror (RMSE) of 5.1 kg~ for the snowpack average SSA. show a logarithmic relationship with specific surface area
The model, however, is limited under wet conditions due to(SSA). The thermal properties of snow, such as snow con-
the single-layer nature of the CLASS model, leading to aductivity and diffusivity, are also related to snow microstruc-
single liquid water content value for the whole snowpack. ture (Domine et al., 2008; Adams and Sato, 1993). Surface
The SSA simulations are of great interest for satellite pas-albedo and snow conductivity are thus key parameters for
sive microwave brightness temperature assimilations, snownodeling the surface energy balance in order to understand
mass balance retrievals and surface energy balance calcultiie impact of snow cover on global and regional climate dy-
tions with associated climate feedbacks. namics (Armstrong and Brun, 2008). They also have a major
impact on the prediction of the snow water equivalent as well
as the timing of melt onset (Franz et al., 2010).

However, many snow evolution models do not take into ac-
1 Introduction count snow grain size. The Canadian LAnd Surface Scheme

(CLASS: Verseghy, 1991; Verseghy et al.,, 1993) is used

Snow grain size is of particular interest for microwave snowin the Canadian global circulation models (Scinocca et al.,

emission models, the surface energy balance (albedo and tupppg) and the Canadian Regional Climate Model (CRCM:
bulent fluxes) and atmospheric—snow chemistry interactions
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Music and Caya, 2007; Caya and Laprise, 1999); it includesConsidering the importance of snow grain size and the ad-
a one-layer snow model that does not simulate snow grairvances made in snow microstructure characterization with
metamorphism. This is a major limitation for the assimilation the SSA metric, many studies have developed approaches for
of passive microwave brightness temperatufg) (data for ~ modeling the evolution of SSA throughout the winter sea-
the improvement of snow simulations. In the context of datason. Cabanes et al. (2003) first proposed an empirical ex-
assimilation, where physical and emission models of snowponential decay function of time and temperature for snow
are coupled, estimates of snow grain size are needed (DUSSA. Legagneux et al. (2003) showed, using laboratory ex-
rand et al., 2009; Toure et al., 2011; Langlois et al., 2012).periments under isothermal conditions, that the decreasing
The implementation of snow grain metamorphism within trend of SSA is best fitted using a logarithmic function. That
CLASS is thus of particular interest for assimilation pur- trend has also been confirmed with X-ray microtomography
poses. This implementation is not, however, straightforwardmeasurements (Flin et al., 2004; Kaempfer and Schneebeli,
in a one-layer snow model because snow metamorphism de2007; Chen and Baker, 2010). Taillandier et al. (2007), us-
pends on many variables, such as snow age and the tempéang methane adsorption SSA measurements (Domine et al.,
ature gradient, which lead to a stratification of snow layers2001) in a taiga environment, proposed empirical relation-
with different grain sizes. Thus, a major difficulty is that the ships for the decrease of SSA as a function of time based on
vertical stratification is not considered in single-layer phys-the snow age, snow temperature and the temperature gradi-
ical snow models. This study aims to address this issue, aent within the snowpack. A similar approach relating SSA
simply as possible, using the CLASS one-layer snow evoluto snow type (fresh snow, recognizable particles, aged and
tion model. Even if one layer snow models are less physi-rounded crystals, aged and faceted crystals, and depth hoar)
cally correct then multi-layered models (Brun et al., 1992; and snow density was developed by Domine et al. (2007).
Bartlelt et al., 2002; Bougamont et al., 2005; Ettema et al.,Jacobi et al. (2010) implemented these last two approaches
2010; Niwano et al., 2012), the SnowMIP experiments havein the Crocus multi-layer snow model (Brun et al., 1992).
shown that CLASS performs relatively well (Brown et al., With the model based on snow type and density (Domine
2006; Rutter et al., 2009). Furthermore, in climate and me-et al., 2007), SSA was overestimated in surface snow, but
teorological models, the errors in snow simulations are of-this was mainly because Crocus underestimated density, as
ten related to the precipitation inputs. Hence, in these conthis model does not take into account the upward water va-
texts, a more complex multi-layer model would not neces-por flux induced by the large temperature gradient in the sub-
sarily produce better results. arctic snowpack (Taillandier et al., 2006); however, a gen-

Grain size is a parameter that is difficult to characterizeerally good agreement between SSA simulations and mea-
accurately and measure in the field. The specific surface aresurements (methane adsorption) was observed when the SSA
(SSA), which represents the ratio of the surface area per uniivas calculated based on prognostic equations using snow age
of mass, is a well-defined parameter representing the gefTaillandier et al., 2007). Flanner and Zender (2006) devel-
ometric characteristics of a porous medium, such as snoweped a physically-based model to predict the evolution of dry
(Domirgé et al., 2001). Methods based on snow reflectancesnow SSA. The model considers the snow temperature, tem-
in the shortwave infrared (SWIR) can now provide rapid andperature gradient and snow density and uses two adjustable
reproducible field measurements of SSA (Gallet et al., 2009parameters for the distribution of crystal sizes and for the ir-
Arnaud et al., 2011; Montpetit et al., 2012), which can be regularity in particle spacing. A weakness of most of these
related theoretically to grain size. SSA can be related to theprevious approaches is that the wet snow metamorphism is
radius of a monodisperse collection of ice spheres, each hawaot taken into account, whereas water within the snowpack
ing the same surface area to volume ratio, called the opticaleads to a drastic decrease of SSA (wet snow metamorphism)
radius Rop): due to rapid rounding and an increase in the size of snow

3 grains (Brun, 1989). However, Flanner et al. (2007) imple-

_— (1) mented wet snow metamorphism following Brun (1989) in
PiceSSA the model of Flanner and Zender (2006). Note that wind

Recent studies have shown that SSA offers a reliable repean also have complex effect on snow grains by enhanc-
resentation of snow grain size in the context of microwaveing the rate of SSA decrease (Cabanes et al., 2003) or, on
emission snow modeling (MESM) (Roy et al., 2013; Mont- the contrary, leading to an increase in SSA (Domine et al.,
petit et al., 2013; Brucker et al., 2011). These studies showe@009). Morin et al. (2013) compared SSA deduced from the
that a scaling factor oRopt derived from SSA is required to  Ropt Values simulated by Crocus with SSA measured from
simulate brightness temperatures in order oversimplificatiorSWIR reflectance (Gallet et al., 2009) in an alpine envi-
of snow grain representation in models. From a good repreronment. They showed qualitative agreement between mea-
sentation of snow grain size in the snowpack for microwavesured and simulated SSA and that its simulation is difficult
emission simulations, it is possible to determinate which partunder wet snow conditions mostly because of the difficulty
of the signal is attributable to snow grain and which is at-in simulating adequately the vertical profile of liquid water
tributable to other snow characteristics of interest like SWE. content in the snowpack.

Ropt =
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The main objective of this study is to evaluate an off-
line SSA model implemented in the one-layer CLASS snow
model for different northern climate environments. More
specifically, the SSA model is a multi-layer snow model
driven by CLASS outputs to simulate the evolution of SSA in
the different snow layers. The evolution of SSA is computed
for dry snow using the model of Taillandier et al. (2007)
based on snow aging, and the equation of Brun (1989) for wet
snow metamorphism. The simulated SSA values are com-
pared with measured SSA derived from SWIR reflectance
(Montpetit et al., 2012; Gallet et al., 2009) for five differ-
ent sites (two northern mid-latitude, arctic tundra, taiga and
alpine) throughout the winter season. The model is developed
in a perspective of passive microwave applications for SWE
retrievals at a large scale, but could be used for other applica-
tions such as snow albedo estimates. The study also provides
an additional validation of the Taillandier et al. (2007) equa-
tions using new sets of accurate in situ SSA measurements
for different environments.

2 Method
2.1 CLASS-SSA model
The CLASS-SSA model operates in an “offline” mode,

meaning that it uses the CLASS simulated state variables
to simulate the SSA evolution, but without feedback on the

CLASS simulated
state variables
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snowpack evolution. The CLASS snow model is a one-layer
model (a detailed description of the snow model in CLASS
is given in Bartlett et al., 2006; Brown et al., 2006). Version
3.4 of the standalone driver for CLASS (Verseghy, 2009),
which allows running the model using meteorological data,
was used in this study. CLASS has been designed to rurfprecipitation occurring during two or more consecutive time
at a time step of 30 min or less, to ensure numerical stabil-steps) is however considered as one precipitation event and
ity of the modeled prognostic variables (Verseghy, 2009). Incontributes to the same layer. The initial SSA (Sqi4) was
this study, CLASS is run at a time step of 30min. In our setto 73.0 rAkg~! (the mean SSA value for fresh snow mea-
case, the meteorological data used to drive the CLASS modedured by Domine et al., 2007; the S5y value is discussed
(precipitation rate, air temperature, wind speed, air humidity,in Sect. 4), and the density of each new snow layer was set
and incoming shortwave and longwave radiation) were de-to the fresh snow density calculated by CLASS (Hedstrom
rived from in situ measurements or from the North American and Pomeroy, 1998). However, because we want the CLASS-
Regional Reanalysis (NARR) data (Mesinger et al., 2006)SSA model to be coherent with the CLASS snow model, the
(more details on driving data are provided in Sect. 2.2). Thesnow parameters (SWE, snow depth and snow density) of
use of NARR data is motivated by the necessity to run thethe CLASS-SSA model are corrected during the snowpack
model at a large scale in the perspective of passive microwavevolution in order to match the corresponding values sim-
space-borne applications. The thermal conductivity of snowulated by CLASS. Thus, prior to each time step, a correc-
was calculated from snow density using the empirical rela-tion factor is applied to the SWE value of every snow layer
tionship described in Sturm et al. (1997). to fit the multilayer model SWE with the CLASS simula-
The offline SSA model is a multilayer model, where layer tion. A densification routine is then implemented, mostly to
evolution is constrained by snow density, snow depth andestimate the position and thickness of each layer within the
SWE from CLASS simulations. Figure 1 shows the flowchart snowpack. The same densification model as the one used in
of CLASS-SSA. The SSA evolution of dry snow is based CLASS (Bartlett et al., 2006) is applied to every layer. After
on the logarithmic relationship for snow aging developed compaction is applied to each layer, if the summed multi-
by Taillandier et al. (2007). The CLASS-SSA model adds layer snow depth is lower than the snow depth simulated by
snow layers when snowfall occurs. Consecutive precipitationCLASS, a correction factor is applied to the thickness of the

Fig. 1. CLASS-SSA model flow chart.
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top snow layer so that the summed multilayer snow depth 8o

corresponds to the snow depth simulated by CLASS (Fig.1) | oo ET: Tonow = —5°C
However, in this context, the top layer cannot be less thar 70 - = BT T = 715°C
100 kgnT 3. If it reaches 100 kg m?, densification is applied —ET T o= "25°C
to the second layer and so on. In this case, the correctioni )\ ... TG: T, =-5°C ||
applied only to the top layers to avoid an unrealistic thick- ~ ;[ ---TG T =-15°C
ening of the dense bottom layers. On the other hand, if the's p —TG; T, = ~25°C
sum of the snow depths for all the layers is higher than the: a0 \N. | LWC = 1% g
snow depth simulated by CLASS, a correction is applied to < -oC mgf;“’oﬁ/{]

all the layers, but the density of any layer cannot exceed the¢ » 30
maximum snow density estimated by CLASS. Thus, when
the snowpack melts, the density of every layer increases du
to the decreasing thickness, leading to wet densification.
The SSA evolution for each snow layer is then calculated
considering the model of Taillandier et al. (2007) (Fig. 1). 0
The model parameterizations for SSA evolution are based ol
snow age and snow temperatuf@qow). Two algorithms are
available, depending on the temperature gradient regime: onEig. 2. SSA evolution as a function of the temperature gradient

20 40 60 80 100
Time (days)

for equi-temperature (ET) metamorphism, regime (ET or TG with LWGC= 0) and snow temperaturddnow)
from Egs. (2) and (3), as well as a function of liquid water content
SSA(t) =[0.629- SSAnitial — 15.0 (Tsnow— 11.2)] (LWC) from Eqg. 6).
—0.371:SSApjtial —15.0-(Tsnow—11.2) (2)
0.076 SSAqitial —1.76 (T —2.96) .
In {t te Pl =5 (Tsnow =255 } Jacobi et al. (2010), we calculate thReSSA from Egs. (2)

) and (3) according to the following:
and the other for strong temperature gradient (TG) metamor-

phism, ASSA= SSA(t + At) — SSA(t) 4)

SSA(t) = [0.659- SSAnitial — 27.2- (Tsnow— 2.03)] where At corresponds to the time step (0.5h). TA&SA
—[0.0961: SSAitial — 3.44- (Tsnow+1.90]  (3) s then subtracted from the model's previous SSA value.
.|n{,+e(mm%}/ Jacobi et al. (2010) used a temperature gradient threshold

(TGthreshold Of 15 Km™1 to distinguish between ET and TG
wherer is the age of the snow layer in hours. Note that in conditions, which will be evaluated in this study. Taillandier

Egs. (2) and (3), SSA is in chy~L. Tsnowis the snow layer et al. (2007) also suggested a minimum value for SSA, be-

temperature°C) calculated by linearly interpolating the air cause the logarithmic equation for SSA can lead to unrealis-

temperature and the CLASS simulated snow-soil interfaceic low values. The minimal SSA value is set to 8.8kg 1,

temperature. Air temperature appears more accurate and reps proposed by Taillandier et al. (2007).

resentative than the surface (skin) temperature for estimating Nevertheless, the parameterization reported by Taillandier

the snowpack temperature gradient. Figure 2 shows a rapiét al. (2007) does not take into account metamorphism during

decrease in the SSA over the first few days, which is relatedvet snow conditions. The equation of Brun (1989), derived
to destructive metamorphism when snow crystals lose mosfrom experimental measurements, provides a way to simulate
of their complicated shape and break up into smaller grainghe evolution of snow grain volume under wet snow condi-
with less total surface area (Sommerfeld and Lachapelletions with respect to the liquid water content of the snow-

1970). This metamorphic process is faster in warmer snowpack. The equation of Brun (1989) can be expressed with

(higher Tsnow) (Colbeck, 1983). After a few days, the de- optical radius growth4 Ropy):

crease in SSA slows down earlier in the ET regime when

compared with the TG regime. The process of constructive C1+ CoLWC?

o . X opt = —————, 5)
metamorphism is dominant when the temperature gradien P Rgpt'4n

induces water vapor transport from warm to cold tempera-

tures, causing rapid grain growth from vapor deposition atwhere C1 and C, are empirical coefficients (C=1.1x

the bottom of the snow grains (Colbeck, 1983). Hence, in thel0—3mmday 2, C, = 3.7 x 10-°>mmday 1) and LWC is the

absence of that mechanism in ET conditions, the decrease iliquid water content in mass percentage. Note that in the

SSA slows and SSA rapidly reaches its minimum value. experiment of Brun (1989), the empirical relationship was

According to Egs. (2) and (3), the rate of SSA decreasebased on the volume equivalent sphere deduced from the
for a given time stepASSA) depends on snow age, show measured mean convex snow grain radius, which is a def-
temperature, temperature gradient and g&f Based on inition closely related to the SSA. Figure 2 shows that the

The Cryosphere, 7, 961975 2013 www.the-cryosphere.net/7/961/2013/
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SSA decrease is more pronounced when LWC increases in At the first four sites, SSA profiles were taken at a ver-
the snowpack. In this study, when the CLASS liquid water tical resolution of 5cm. The SSA was measured with the
content is greater than zero, the model-derived SSA valueshortwave InfraRed Integrating Sphere (IRIS) system (Mont-
is converted into its equivalerRopt using Eq. () in order  petit et al., 2012), based on the principle described by Gal-
to apply Eq. §), and then reconverted to SSA. Furthermore, let et al. (2009), which exploits the relationship between
because the LWC distribution is not homogeneous within thethe SWIR snow reflectance and the SSA (Kokhanovsky and
snowpack, even though CLASS uses a single LWC value foiZege, 2004). The density was measured with a 185den-

the whole snowpack, here the LWC is first distributed in the sity cutter, and the samples were weighed with a 100 g Pesola
top 10 cm. If the LWC in the top 10 cm is greater than 10 % in light series scale with an accuracy of 1g. The tempera-
mass, the excess water is distributed to the rest of the snowure was measured with a Traceable 2000 digital tempera-
pack. The 10% limit can thus be considered as the wateture probe. Liquid water content of snow was also measured
retention capacity. This value was chosen because 10 % iwith the Snow Fork (Toikka Engineering Ltd., Espoo, Fin-
mass is the value where, in the experiment of Brun (1989)Jand) at the Churchill arctic fen site during wet conditions on
LWC reaches the irreducible water content and percolatioriL3 and 16 April 2010. At the Col de Porte site (the fifth site),
occurs, leading to a saturation of grain growth rate increasel6 SSA profiles were taken using the Dual Frequency Inte-
for high LWC. However, the liquid water retention capacity grating Sphere for Snow SSA instrument (DUFISSS: Gal-

of CLASS for the whole snowpack was kept at 4 %. let et al., 2009), also based on the relationship between the
_ SWIR reflectance and the SSA. Note that from late February
2.2 Sites and data onwards, warm conditions led to several snowmelt events,

which caused a significant decrease in the snow SSA values.

Snowpit measurements were conducted at five sites. Megyence a distinction was made between dry snow conditions
surements were taken during the winter of 2010-2011 at they; | de Porte (7 sets of data from 6 January to 16 February)
first two sites, which were located in an open mid-latitude 5,4 wet snow conditions (9 sets of data from 25 February
northern environment. The sites were at the Site interdisciy, g April). The total snow depth and snow density pro-

plinaire de recherche en environnemeneeeur (SIRENE) o5 \vere also measured (Morin et al., 2013) and ultrasonic

experimental station at the Univeksitde Sherbrooke g6y depth observations were acquired at SIRENE and Col
(45.37 N, 71.92 W) and at St-Romain (45.4%, 71.02 W; de Porte.

80 km northeast of Sherbrooke) in Ehec, Canada. Mean NARR data (Mesinger et al., 2006) (2m air temperature

January temperature at Sherbrooke-i41.9°C and the 54 air humidity, precipitation, 10m wind speed, surface
cumulated precipitation is 294.3cm of snowfall, generally ghorwave and longwave radiation) were used to force the
from November to April (National Climate Data, Environ- ) oss model at the first four sites. Langlois et al. (2009)
ment Canada). Temperatures are generally slightly colder aj, o,y that the NARR product delivers reliable input data for
St-Romain and cumulated snowfall higher because of theqwpack modeling. Forcing data from the NARR nearest
higher altitude £ 150 m over Sherbrooke). Two other sites neighbor pixel of each site was employed. As NARR provide

were located close to the Churchill Northfarn Study Centregaa on a three-hour time step, the variables were interpolated
(58.73 N, 93.8T W) in Manitoba, Canada: one in an arc- 1, 5 30 min time step, except for precipitation, which main-

tic dry fen (tundra) and the other in a taiga environmentginaq 4 three-hour interval. To initialize the starting condi-
(black spruce forest). Churchill has a subarctic climate Withijons the CLASS model was run starting the year prior to

a mean January temperature-o26.7°C and accumulated o \inter in this study: from 1 October 2009 to 1 June 2011
snowfall of 191cm, generally from October to May (Na- 4t 5IRENE and St-Romain: from 1 October 2008 to 1 June
tional Climate Data, Environment Canada). The data wereyq1q at the two Churchill sites. At the Col de Porte site, me-

collected at these two sites during the Canadian CoReH2Q,q|qgical variables (air temperature, humidity, windspeed,
Snow and Ice (CAN-CSI) campaign in the winter of 2010, ecipitation and incoming shortwave and longwave radia-

which included four periods of intensive field sampling (Jan- i,y recorded with an hourly time resolution throughout the

uary, February, March, and April). Further details of the g4 season of 2009-2010 (from 20 September 2009 to 10
campaign are provided in Derksen et al. (2012). The fifth May 2010) were interpolated to a 30 min time-step and used

and final site is the meteorological research station Col dg, drive the CLASS model (see Morin et al., 2012 for more
Porte (CDP; 45.17N, 5.46 E), near Grenoble, France, in yetails on the Col de Porte meteorological data).

the French Alps at an elevation of 1325 m. The daily aver-
age mean temperature for January-t.63°C and the mean
total cumulated snowfall from December to April is 557 cm.
Measurements for this last site were carried out during the
winter of 2009-2010 (see Morin et al., 2013, 2012 for more
details).

www.the-cryosphere.net/7/961/2013/ The Cryosphere, 7, 9&I75 2013
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Fig. 3. Comparison of CLASS simulated snow properties with field
measurements at different sites. Dry and wet sites at Col de Port 1k
are separately indicated (see legend).
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=
3 Results o
‘g 0.6} .
3.1 CLASS snow parameter evaluation 5
041 8
First, an analysis of the one-layer CLASS snow model sim-
ulations was conducted. Simulated snow density, total snov g5l i

depth and SWE were compared with all measurements take

in snow pits where SSA profiles were measured. Figure & 0l , ,
shows that the simulation accuracy varies from one site tc o N D J F M A M J
another. Snow denSIty. is generally a(.:curate except at qu dEig. 4. CLASS snow depth simulations compared with Ultrasonic
Porte, where the density was overestimated. The overestima- = < ents &) SIRENE andb) Col de Porte. Black dots are
tion is probably due to the high densification of snow under o ¢how depths from snowpit measurements.

wet conditions with CLASS. For snow depth, there is an un-

derestimation for the Churchill sites. Since there were un-

derestimates at both forest and fen sites, NARR precipitationromparable to what was found with CLASS 3.1 in the Snow
is probably the main cause. In fact, the cumulated NARR\jodel Intercomparison Project (Brown et al., 2006). The
precipitation from the beginning of the snow season to thegyerall SWE RMSE is 64.7 mm, which is close to what was
first snowpit measurement in February at the dry fen is lowefioyng in Langlois et al. (2013) between modeled (CRCM)
(97.1mm) than the snowpit measured SWE (157.3mm)and observed SWE values for northern&ac. There is a
However, other phenomena such as blowing snow and ingood correlation between the measured and simulated SWE
terception by vegetation could lead to differences betweeny, the SIRENE and Col de Porte sites, where there is, how-
the simulated and measured SWE (consequently snow depiyer, a consistent overestimation. However, the SWE is un-
as well). Comparisons between continuous ultrasonic snowerestimated at St-Romain and both Churchill sites.

depth observations at SIRENE and Col de Porte also show

that errors in diagnosing precipitation phase at the beginnin@.2 CLASS-SSA model evaluation and validation

of the snow season lead to an offset of snow depth (over-

estimation at SIRENE) (Fig. 4a). This sensitivity to precip- Inthis study, SSA is considered for the evaluation and valida-
itation phase in CLASS is also demonstrated in Langloistion because measurements of shortwave infrared reflectance
et al. (2013). Figure 4b shows that underestimation of meltof snow are related to SSA (see Sect. 2.2). To evaluate the
events at the beginning of the season also lead to positiv€LASS-SSA simulations, an analysis of the fh&shoigwas
offset in the snow depth. However, the snow depth RMSE isfirst conducted. However, differences between the simulated
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Brzoska, 2008). Pinzer and Schneebeli (2009) proposed that

—5sites alternating temperature gradients also leads to formation of
1ol __.:g'ﬁ'f;ﬁ arctic fen | rounded grains, similar to those observed in ET metamor-
......... Churchill forest phism. However, overall comparisons show good agreement
gl — St-Romain | between simulated and measured SSA (Fig. 6). More specif-
2 Col de Porte {dry) ically, the SIRENE and St-Romain results show similar pat-
Ng terns with a gradient from low SSA at the bottom to higher
é 8r ] SSA coming from fresh precipitation at the top. Neverthe-
ul — = less, there is a low SSA layer that appeared in mid-December
=2 7r PRt 2010 caused by a melt event. This layer was observed as a
N T T melt ice-crust layer of 3cm with low SSA (measured with
AN T 1 a SWIR camera: Montpetit et al., 2012) during the snowpit
_Emmem measurements, but SSA was not measured with IRIS because
. T . ‘ . . itis difficult to extract this kind of snow (i.e., crusts) with the
0 5 10 15 20 25 30 35 IRIS instrument. For the Churchill sites, both measured and

Temperature gradient threshold (K m™") simulated SSA are low near the bottom 25 cm), which is
related to the formation of depth hoar in the presence of a
Fig. 5. RMSEssa between the measured SSA and the simulatedpigh temperature gradient. However, the simulated SSA val-
SSA using CLASS-SSA as a function of the temperature gradlentues in the top layers are generally higher than the measure-
threshold (TGeshold- ments. This may be due to the underestimation of the snow
depth at the beginning of the season causing an underestima-
tion of the relative thickness of the bottom layers with low
and measured snow depths (Figs. 3 and 4), caused prol8SA within the snowpack, which leads to an overestimation
lems when relating measured SSA to its corresponding simef the top layer thickness (Fig. 6¢ and d). Underestimation of
ulated SSA for a given snow depth in the snowpack. A cor-the April 2010 measurements at both sites should, however,
rection was applied to the measured snow depth in ordebe attributed to an underestimation of snow LWC by CLASS
to match the simulated snow depth; this caused the meaduring the spring melt, which limited the decrease of simu-
sured profiles to be stretched or compressed. The root medated SSA by wet metamorphism. In fact, LWC as measured
square error values between the simulated and measureslith the Snow Fork instrument on 13 and 16 April at the
SSA (RMSEsspa) were calculated at the first four sites for Churchill arctic fen site suggests a strong underestimation by
different TGhreshold Values. The Col de Porte site where CLASS (0.2% vs. 3.8% on 13 Apriland 1.0% vs. 15.5% on
wet snow metamorphism dominated was excluded becaus&6 April, for CLASS and the Snow Fork, respectively). The
wet metamorphism has a strong influence on SSA evoluissue with LWC is discussed in Sect. 4. The Col de Porte site
tion that is not related to the Ti&eshold Figure 5 shows illustrates the difference between the first seven dry sets of
that, for TGhresholgvalues between 10 Kt and 20 Kntt, data showing good agreement, and the second period, start-
the RMSEssa for the 5 sites is relatively constant. The ing on 25 February, when wet snow becomes predominant
minimum RMSEsa value (7.3mkg™1) for the 5 sites is  in the snowpack, giving a systematic overestimation of the
TGthreshold= 16 Km™1, which is close to the 15Km' value ~ SSA.
used by Jacobi et al. (2010). This value is also consistent with The comparison of the simulated SSA values to their cor-
Taillandier et al. (2007), who proposed that thei&hoid  responding measurements gives a RMSE of &Rgn?,
should be between 9Knt and 20KnT!. The SIRENE  which represents an error of 42.3% (Fig. 7). Part of the er-
site reached a minimum RMSE at F@shold= 14 Km1, ror could be attributed to the fact that we did not necessar-
whereas the RMSE at both Churchill sites slightly increasedly compare the same snow layers due to different positions
with TGinreshold The RMSE at the St-Romain site and the between the simulated and measured points. The correction
dry snow condition data for the Col de Porte site slightly de-applied to the simulated snow depth profile might be a fac-
creased from 10 Km! to 25 Kt before reaching a con- tor, but the high variability within a SSA profile might also
stant value (Fig. 5). be a source of error. The simulated SSA variations are also
The minimum RMSE was at Tieshold= 16 Km~1and strong within the snowpack, mainly for high SSA, where the
was thus used to simulate SSA with CLASS-SSA at the 5evolution is faster (see Fig. 2). Considering the mean depth-
sites (Fig. 6). Previous studies have generally defined the T@Gveraged SSA weighted by the snow layer thickness, the
threshold for depth hoar formation between 10Kimand ~ RMSE decreases significantly to 5.%kg~1, representing
20 Km~L(Taillandier et al., 2007; Colbeck, 1983; Marbouty, an error of 25.7 %. Furthermore, the coefficient of determi-
1980). However, it should be noted that the formation of nation (R?) increases from 0.60 to 0.84. As mentioned previ-
faceted snow crystals has been observed at low growth ratesusly, another major source of error corresponds to the influ-
under low gradient thresholds (Domine et al., 2003; Flin andence of wet conditions, as observed at the Col de Porte site
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Fig. 6. Seasonal profile of simulated SSA at the five si{a$3 SIRENE, (b) St-Romain,(c) Churchill Arctic fen,(d) Churchill Forest, and

(e) Col de Porte), compared to SSA measurements (squares: where the measured SSA profiles were adjusted to the simulated snow dept
see text). The measured profiles are stretched or compressed to fit with simulated snow depth. Black dots correspond to the measured sno
depths.

after the mid-season. In fact, by removing data for this wetthe snowpack. These assumptions may induce errors in es-
period, the depth-averaged RMSE decreases to aktymt timates of the SSA evolution. Here, we discuss the different
(17.5%). As mentioned in Morin et al. (2013), even with a elements that may impact the precision of the model and how
multi-layer model, limitations on the precision of LWC simu- they may influence the estimates. It is thus possible to iden-
lations exacerbate the difficulty of modeling snow grain evo- tify the conditions under which CLASS-SSA is more limited
lution under wet conditions. The weakness of the model un-and propose possible improvements. We then consider the
der wet snow conditions will be analyzed below in the Dis- proposed model's application, mainly in the context of pas-
cussion (Sect. 4). The SSA at St-Romain and at Col de Portsive microwave simulations.

(dry snow period) are underestimated by the model, while at

the Churchill sites SSA is slightly overestimated due to the4.1 Sources of errors

high simulated SSA in the top layers (Fig. 6¢ and d). ) ) )
An assumption made in the CLASS-SSA approach is

that the temperature profile of the snowpack is linear.
4 Discussion In general, the temperature variations will be larger in
the top layers that are responding to the variations in
The simulation of a stratified phenomenon such as SSA usair temperature, while the bottom layers are less af-
ing a one-layer snow model such as CLASS requires cerfected as the air temperature fluctuations do not reach
tain assumptions and simplifications of the physics withinthese layers because of the low snow thermal conductivity

The Cryosphere, 7, 961975 2013 www.the-cryosphere.net/7/961/2013/



A. Roy et al.: Snow specific surface area simulation

RMSE = 8.0 m’ kg™’

RMSE =5.1 m?

kg !

gt y(x) =ax+b gof|y(x) =ax+b
a =061 a=0.59
~ ||lb=8.95 ) ~ _||b=09.67
S0z ° o s 80 o
2[R =060 | " '@ [|R? = 0.84
DE, a0+ - vo g “ Dg a0k
! v Ty 0 2% ! A
iy
%307 o5 00 ey A.al:"m a %307 A
3 T e e ° 2 o
- & Y 2 -
Sl 10 o, B2 i = ol O SIRENE
= _ w = : .
E Y i = O Churchill arctic fen
73] el i3] V% & Churchill forest
10t 5 - 10+ St-Romain
- 4 Col de Parte (dry)
0 0 % Col de Porte (wet)

1ID QID Sb 4ID EID
Measured SSA (m2 kg'1)

G0

10 20 30 40

a0 G0

Measured SSA (m2 kg'1)

969

Fig. 7.Measured vs. simulated SSA comparison (left panel shows all points; right panel shows the one-layer average). The RMSE in averaged
SSA (right panel) without the wet points is 4.2kg 1.

(Armstrong and Brun, 2008; Vionnet et al., 2012). Hence, inTable 1. SSA bias and RMSE for Col de Porte wet snow condi-
cold weather like in Churchill, the linearity of the temper- tion data for different configurations of CLASS-SSA wet metamor-
ature profiles is likely to induce underestimated snow layerPhism.

temperatures. This phenomenon could also partly explain

T p i i -1 ; —1
why the SSA of top layers at both Churchill sites is over- Model Configurations RMSE (fkg™)  Bias (nPkg 1)
estimated, considering that the SSA decrease is more pro- No wet metamorphism 15.9 13.4
nounced with higher snow temperatures. Furthermore, the t’vagjmtwt\)’@; ((?_LAtiS)t 10 12-964 10(-518
. . . Istributed In the top cm . .
Ilnearlt'y of the temperature gradient vyoulq generally un- (CLASS-SSA configuration)
derestimate the local temperature gradient in the top layers prastic increase of LWC 6.7 26

and overestimate the local temperature gradient in the bot- (if LWC > 0 then LWC= 10%)
tom layers. However, in the north during winter, this diurnal
temperature cycle is generally in most cases less pronounced

than over temperate or mountainous regions (Leathers et alg, o4 ck liquid water distributed in the top 10 cm at the Col
1998). Thus, using a linear gradient throughout a dry and el pyrte wet sites compared to a wet metamorphism consid-
atively shallow snowpack (below about 1 to 1.5 m depth) ap-ging 4 yniform LWC or compared to no wet metamorphism.

pears as a satisfactorily hypothesis in most cases over nortye 5154 tested simulations by drastically increasing the total
ern areas. Kondo and Yamazaki (1990) demonstrated that g~ artificially in CLASS (if LWC > 0 then LWC= 10 %);

linear temperature profile can be successfully employed in &1, congitions significantly reduced the simulated SSA, as
snowmelt model. _ _ _expected, with a bias 0f£2.6 kg~ for Col de Porte wet

As shown through the wet metamorphism simulation, g, condition data (Table 1). This last case confirms that the
CLASS-SSA is limited by the modeling of snow parame- . hiem comes from an underestimation of LWC in CLASS
ters in CLASS. Hence, the use of a one-layer model 9V-\nder warm conditions.

ing a LWC for the er!tire snowpack becgme_s a limitation. Snow depth errors from CLASS might also impact CLASS-
Furthermore, there might be an underestimation of LWC bygg simulations. In fact, as shown for both Churchill sites

CLASS. Measurements of LWC with the Snow Fork instru- (Fig. 6¢ and d), a bias in snow precipitation can impact the

ment at the Churchill arctic fen site suggests a strong undefrze o entation of the thickness of a given snow layer. Thus, in

estimation by CLASS. Moreovgr, raising.the limit o:‘)the sim(—) this study, part of the SSA error could be related to uncertain-
ulated snowpack water retention capacity from 4% to 10 ties in the NARR precipitation data (Langlois et al., 2009).

did not improve the simulated LWC and the SSA calculation Other phenomena not parameterized in the CLASS snow
under wet conditions in Col de Porte because the CLASS,,je| such as blowing snow, could influence the simulated
LWC rarely reaches the retention capacity. Part of the proby,,, gepth (Liston and Hiemstra, 2011). In open areas (four
lem was, however, resolved by distributing the LWC mostly ¢ ¢ fie sites), strong wind shear stress could have ex-
in the top layers, but the SSA evolution under wet conditions .qaded the snow particle resistance to dislocation (Li and

remains a weakness. Table 1 shows t.hat t.he bias is Sig,nifPomeroy, 1997). Hence, a less cohesive top snow layer with
icantly reduced when wet metamorphism is modeled W|thIOWer SSA could be removed almost completely in an open
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fallen SSA could probably improve the results, mostly for
] snow with high SSA at the beginning of the snow season.

— F SiTES i
———SIRENE !
= ==Zhurchill arctic fen |
-------- Churchill forest : -
I
I
I
|

(2]

I

——StRomain - 4.2 Comparison with other models
Cal de Paorte {dry)

Despite the above simplifications, the CLASS-SSA model
simulates SSA with a reasonable accuracy for a wide range
of snow types. Our RMSE of 8.1%kg1(Fig. 7) is com-
parable to the result obtained at Col de Porte by Morin
et al. (2013) from internal computation of the optical radius
in Crocus (6.37 rhkg~1) and the method of Domine et al.
(2007) based on the density and snow type (8.8Bgn?).
Snow data from the 2010 winter season at Col de Porte pro-
vide a unique and very accurate time series of SSA mea-
surements (Morin et al., 2013). Figure 9 shows a compatri-
son of temporal snowpack averaged SSA values at Col de
Porte for CLASS-SSA, the Crocus model (Morin et al.,
2013), and the measurements. When the snowpack is dry,
Fig. 8. Bias between the measured SSA and the simulated SSA ushoth models underestimate the SSA. On 25 February and
ing CLASS-SSA as a function SS#yial (the vertical dotted blue  after, when wet conditions occurred, CLASS-SSA overes-
line represents the SS#yal set in CLASS-SSA at 73.0fikg ™). timates the SSA due an underestimation of the snowpack
LWC, while Crocus still underestimates the SSA. For this
dataset, CLASS-SSA simulations seem comparable to or bet-
arctic region like Churchill (Baggaley and Hanesiak, 2005). ter than Crocus in dry conditions. However, in wet condi-
Furthermore, the snow thermal conductivity strongly variestions, Crocus better simulates the decrease in SSA as LWC
between the tundra, where the snowpack has a high conduéacreases (Fig. 9). Hence, Crocus seems to better capture the
tivity due to hard wind slabs, compared to taiga and forestdynamics of the SSA evolution. Note that Jacobi et al. (2010)
snowpacks, which have three to four times lower thermalobtained, from 162 snow SSA measurements at a taiga site,
conductivity due to lower wind compaction and depth hoaran RMSE of 8.6 rikg~1with the implementation of the Tail-
development (see Gouttevin et al., 2012). These differencekandier et al. (2007) approach within Crocus, whereas the im-
impact the snow temperature and temperature gradient buyglementation of Domine et al. (2007) resulted in a RMSE of
are not represented in CLASS-SSA. 16.2ntkg~! (the results were highly affected by the under-
In the CLASS-SSA model, the SSfal value is fixed at  estimation of snow density by Crocus).
73.0nfkg~L. This value was chosen based on freshly fallen
snow SSA measurements (sampled maximum 24h afted.3 Rqpt analysis for MESM
snowfall) from methane adsorption by Domine et al. (2007).
However, this study shows a range of 33.1 to 155&g1! In the context of using the simulated SSA to assimilate mi-
with a standard deviation af26.2 nfkg~! based on 63 sam- crowave brightness temperaturd@g), we now examine the
ples. Freshly fallen snow SSA is rarely modeled as it depend$émpact of errors generated by the proposed approach in terms
on the type of solid precipitation, which depends on the mete-of Tg error. As mentioned in Sect. 1, the DMRT MESM cal-
orological conditions (air temperature, wind, type of clouds, culates7g from Rqp: derived from SSA. Figure 10 shows
atmospheric stratification) when the snowflake is formed.the comparison betweeRop: derived from measured SSA
Domine et al. (2007), however, proposed freshly fallen snowand R derived from simulated SSA. As the relationship
SSA values based on four types of fresh snow that can be rebetween SSA anftop is not linear (Eq. 1), we see that for in-
lated to density. As CLASS calculates the fresh snow densitydividual points (Fig. 10, left panel), the differences between
from the air temperature using the equation from Hedstromsimulated and measureRhy: are more important for larger
and Pomeroy (1998), we implemented S{#A values based grains. This is caused by the fact that for low SSA, a given
on the Domine et al. (2007) relationship. However, this im- variation of SSA leads to a larger change in the simulated
plementation did not change the results significantly: a slightRopt (a change of SSA from 10 to 8%kg~!leads to a change
increase in RMSE from 8.0 to 8.3%kg ! was found. Fig- in Ropt from 0.327 to 0.409 mm)Ropt is then much more
ure 8 shows that SS#xia1 has a relatively low impact on sensitive to error in SSA for larger grains. This also partly
simulations. The sensitivity to SSfia values appears to be explains why the error for wet snow condition data in Col
more important for the snowpack where measurements werée Porte is large. For meaky; values over the snowpack,
taken mostly at the beginning of the season (SIRENE andhere is a RMSE of 0.043 mm ankf of 0.84, comparable
St-Romain). A precise dynamic parameterization of freshlyto SSA results, if the wet snowpacks are excluded. There is,

: 2, -1
BlasSSA {m- kg ')
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50 : . order of£23.3K at 36.5GHz and-2.7K at 18.7 GHz. We

~ 45| —S—CLASS-S5A || thus see the high sensitivity of 36.5 GHz to grain size, given
"o CROCUS an error that could be significant in some cases (high depth
= 40 —&—measurements | h | hl h d . | h b
e oar layer), while the proposed simple approach can be ap-
;:’ a5 _ plied for Tg simulations at 18.7 GHz with acceptable accu-
gg a0l | racy. Such a sensitivity analysis would benefit from further
o development as many combinations of snowpack parameters
g 25¢ ] and conditions could occur.

L]

Z 20r . o

-~ 4.4 Model applications

© 15¢ .

g’ 10} . The simulation of snowpack parameters, such as SWE, at in-
0% 5l | dividual sites using an operational land-surface scheme de-

signed for use in large-scale climate models could include

OJ F Y A M large errors, as illustrated in Fig. 3. These errors could re-
sult from uncertainties in the meteorological forcing data,
Fig. 9. Snowpack-averaged SSA evolution with time at Col de Portemodel parameters, as well as the nonlinearity and scaling ef-
for CLASS-SSA, Crocus (Morin et al., 2013) and the measure-fects of the processes modeled (e.g., Andreadis et al., 2008).
ments. The last Crocus value was excluded because the simulationshe proposed model opens opportunities to couple CLASS
give no snow on ground. Error bars on measurements are the meggith, MESM for improving SWE estimates. Data assimila-
surements accuracy (12 %: Gallet et al., 2009). tion offers the potential to merge information on snow vari-
ables from satellite observations and land-surface model sim-
however, a small positive bias of 0.034 mm, mainly causedUIations' CLAS.S'.SSA was developed_mainly for p_assive mi-
by the strong influence of large grains in the averaging. crowave E assimilation in CLASS to |mprov§ estimates pf
Moreover, the density stratification is another parameter>"°W parameters. Ttu? model er:lployed In this stu'dy prowdes
that should be considered when modeling the radiative trans? good _es_tlmate or *first guess” of the_snow_ grain size and
fer within the snowpack (e.g., Picard et al., 2012). In our & description of the_snow type at a given time during the
case, the densification routine in CLASS-SSA is only use@SNOW season. Inversion approaches, where parameters (snow

to calculate the depth and the position of every snow layerdePth, Snow density) are retrieved by minimizing the differ-

and not necessarily to calculate a precise density. The simuEnces between simulated and measured brightness tempera-

lated densities might differ from real densities. An example jstures (La_mgIOIS E.Et al,, 2012, fo\chon .Et al, 2010.; E?&“"""

the decrease of densification at the bottom snow layer whegom) W||I_benef|t from SSA simulations by ta_kmg Into ac-.
depth hoar formation occurs that is not taken into accoungountthe Important eff.ect of snow metamorphism on the mi-
in the SSA offline model. The correction of densities in the ¢'OWave signal. This *first guess” methodology could also be
top layers (see Sect. 2.1) might also lead to low densities irlrlsgd as a state initial condition in more complex data assim-
the top layers. Here, to attenuate the effects of these simpli'—Iatlon sy;tem approaches (Toure et QI" 2011; Durand .et QI"
fications in thels simulations, we consider a bulk snowpack _2009; Reichle, 2008) pecause the grain-size paramete_nzgﬂon
characterized by an effective snow grain effective radigs > no Ior_nger the dc_;mmant source of uncertainty. Grain size
calculated from the averagekby: following the form sug- could still be considered as one of many sources of uncer-

o . tainty, but with known likely error or variation. Hence, the

ested by Kontu and Pulliainen (2010): : . :

g y ( ) CLASS-SSA model could be applied to improve SWE esti-
Reft = a[1 — exp(—b Ropy)] (6) mates at large scales from satellite-borne passive microwave

information. From this perspective, as mentioned previously
wherea = 1.3 andb = 4.7. These empirical parameters were (Sect. 4.3), attention needs to be paid to the effect of the con-
fitted from simulations using averageRhpt derived from  version of SSA taRep: 0N the uncertainty related to the grain
measured SSA compared to ground-based radiometric me&ize simulation that depends on the type of grains. In fact,
surements, except for the bulk snowpack (see Roy et al.considering Eqg. X), errors in SSA with large grains (low

2013). SSA, such as depth hoar) will lead to higher variatio®gft
Simulations with the DMRT-ML (Picard et al., 2013) than for smaller grains (high SSA) (see Morin et al., 2013).
were conducted to analyze the effect of tRgyt error on The proposed methodology could also be implemented for

Ts simulations. TheTg simulations were conducted em- a hydrology land-surface scheme (HLSS), such as the one
ploying single-layer averagellqss values (Eq. 61+ the de-  developed within the framework of Environment Canada’s
rived RMSE of Ropt (£0.043 mm). Considering a snowpack community environmental modeling system, MESH. MESH
of 0.5m with a bulk density of 250kgn¥, an error of  evolved from the WATCLASS model that links a hydrologi-
0.043 mm inRopt leads to maximum variations dg of the cal routing model (WATFLOOD) (Pietroniro et al., 2006) to
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Fig. 10. Measured vs. simulatelopt derived from SSA (Eg. 1) comparison (left panel shows all points; right panel shows the one-layer
average). The RMSE in averag®dp; (right panel) without the wet points is 0.043 mm.

the Canadian LAnd Surface Scheme (CLASS) discussed in Despite the limits of a simple one-layer snow model,
this paper. It is used as a basis for coupling horizontal surit provides a SSA estimate with an overall RMSE of
face hydrology (river routing) with both weather and climate 8.0n? kg~! for individual layers, and a depth-averaged
atmospheric models (see discussion by Teutschbein RMSE of 5.1n% kg~?! for the snowpack SSA. The model,
and Seibert, 2010). however, shows weaknesses in the wet snow metamorphism
Furthermore, snow surface albedo (mostly in the infrared)regime, which is mostly due to a low bias in the snow model
is driven by snow grain size. Hence, the use of SSA esti-simulations of LWC within the snowpack.
mated with CLASS-SSA could lead to improved estimates of The proposed implementation of the SSA model in an off-
snowpack albedo, which are derived from a physically-basedine mode and driven by a one-layer snow model offers a
model. Pure snow albedo (no impurities) could be related tasimple, computationally efficient and versatile approach. It
the SSA using a simple optical equation model suggested byould not be difficult to implement for other models as it
Kokhanovsky and Zege (2004). Based on the simple radiaenly needs six basic inputs that are normally available from
tive transfer model of Gardner and Sharp (2010), an erroisnow models (snow depth, SWE, snow density, LWC, soil-
of 8.0nmkg~! in SSA leads to an uncertainty in the broad- snow interface temperature, and air temperature). This ap-
band albedo calculation of arountd3 % for small grains proach is thus applicable for other one-layer snow models
(30mPkg™1) to around 6 % for large grains (1Ckkg—1). It (Turcotte et al., 2007; &air et al., 2003), and also for multi-
should be noted that the grains at the top of the snowpackayer models where SSA is not explicitly modeled, such as
that drive the broadband surface albedo are generally smallehe Snow—Atmosphere—Soil Transfer (SAST) energy balance
(mostly in dry conditions) and thus less affected by grain un-snow physics model (Sun et al., 1999).
certainty. Future work will evaluate the use of these SSA simula-
tions for satellite passive microwave brightness temperature

_ assimilations and surface snow albedo calculations.
5 Conclusions
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