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Abstract. Light-absorbing particles (LAPs) deposited at the snow surface significantly reduce its albedo and strongly affect

the snow melt dynamics. The explicit simulation of these effects with advanced snow radiative transfer models is generally as-

sociated with a large computational cost. Consequently, many albedo schemes used in snowpack models still rely on empirical

parameterizations that do not account for the spatial variability of LAP deposition. In this study, a new strategy of intermediate

complexity that includes the effects of spatially variable LAP deposition on snow albedo is tested with the snowpack model5

Crocus. It relies on an optimization of the snow darkening coefficient that controls the evolution of snow albedo in the visible

range. Optimized values for multi-year snow albedo simulations with Crocus were generated at ten reference experimental

sites spanning a large variety of climates across the world. A regression was then established between these optimal values

and climatological deposition of LAP on snow at the location of the experimental sites extracted from a global climatology

developed in this study. This regression was finally combined with the global climatology to obtain an LAP-informed and10

spatially variable darkening coefficient for the Crocus albedo parameterization. The revised coefficient improved snow albedo

simulations at the ten experimental sites (average reduction in root-mean-square error, RMSE, of 10%) with the largest im-

provements found for the sites in the Arctic (RMSE reduced by 25%). The uncertainties in the values of the snow darkening

coefficient resulting from the inter-annual variability of LAP deposition on snow were computed. This methodology can be

applied to other land surface models using the global climatology of LAP deposition on snow developed for this study.15

1 Introduction

Snow is a key component of the Earth surface energy balance and water cycle (Armstrong and Brun, 2009; Flanner et al., 2011)

and provides critical water resources for ecosystems and industrial applications (irrigation, hydro-power, ...) (Sturm et al., 2017;

Immerzeel et al., 2020). Snow albedo, the fraction of incident solar radiation reflected by the snow, strongly impacts the surface

radiative balance and influences the mass balance of the snow cover through modified snow melt and sublimation (Qu and Hall,20

2006; Painter et al., 2017; Skiles et al., 2018; Réveillet et al., 2022). Snow albedo depends on different factors including snow

physical properties (e.g. grain size), solar conditions (e.g. solar zenith angle, presence of clouds), local topography, and the
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abundance and optical properties of light absorbing particles (Warren and Wiscombe, 1980; Tuzet et al., 2019; He and Flanner,

2020; Picard et al., 2020).

Light-absorbing particles (LAPs) are small impurities often deposited from the atmosphere such as mineral dust (Painter25

et al., 2010) and black carbon (Flanner et al., 2007), but can also be living organisms such as algae (Cook et al., 2017). Black

carbon (BC) is the optically absorbing portion of soot and originates from the incomplete combustion of fossil and biofuels

(Bond et al., 2013). Mineral dust originates from arid and semi-arid landscapes and can be transported by the wind over long

distances to other parts of the globe (e.g. Di Mauro et al., 2015). When LAPs are present in snow, they darken the snow surface

and decrease its albedo in the visible range (e.g., Warren and Wiscombe, 1980). The broadband albedo of fresh snow can drop30

from 0.9 to 0.6 due to LAP contamination (Skiles et al., 2018). This direct effect can lead to a faster melting and therefore

an increase of snow grain size (through accelerated snow metamorphism), which results in a decrease in snow albedo in the

near-infrared range and further increases radiative forcing from the LAPs present in the snowpack. There are therefore two

main effects of LAP presence in snow: a direct effect through darkening of the surface, and an associated feedback through

grain-coarsening (Painter et al., 2007; Skiles et al., 2018).35

Snow radiative transfer models of various complexity have been developed to simulate the impact of LAPs on snow albedo

(Warren and Wiscombe, 1980; Flanner and Zender, 2005; Libois et al., 2013; He and Flanner, 2020; He, 2022). They simulate

snow albedo in the visible and near-infrared wavelengths for given snowpack optical properties (specific surface area or optical

grain size) and LAP contents. Radiative transfer models have been coupled to snowpack models to simulate the temporal and

spatial evolution of snow radiative properties and account for the albedo feedbacks (Flanner et al., 2007; Tuzet et al., 2017).40

For example, Libois et al. (2015) and Tuzet et al. (2017) have coupled the Two-stream Analytical Radiative TransfEr in Snow

(TARTES) radiative transfer scheme (Libois et al., 2013) with the detailed snowpack model Crocus (Vionnet et al., 2012;

Lafaysse et al., 2017). Among numerous applications, these advanced coupled models have been recently used to (i) quantify

the impact of LAPs on snow cover evolution in mountainous terrain (Réveillet et al., 2022), (ii) study the impacts of snow

cover on energy fluxes over the Tibetan Plateau (Hao et al., 2023), and (iii) assess the influence of LAPs on snowpack stability45

(Dick et al., 2023). These coupled models are also used in the context of land and climate models such as in the Community

Land Model (CLM Lawrence et al., 2019) and in the land component of the Energy Exascale Earth System Model (Golaz

et al., 2019). He et al. (2024) have demonstrated how such models can improve global simulations of snowpack evolution with

a positive impact on the simulations of near-surface temperature.

Several challenges arise when combining a snow radiative transfer model with a snow model. They are generally associ-50

ated with the computational costs and the spectral resolution of the radiative transfer model (Flanner et al., 2007), although

methodologies have been developed to optimize spectral snow albedo calculation (van Dalum et al., 2019; Veillon et al., 2021).

The need for additional atmospheric forcings (LAP deposition fluxes) to drive the snow model (Tuzet et al., 2017) represents

another challenge. For this reason, snowpack models used in land surface and hydrological models still often rely on empirical

parameterizations to describe the temporal evolution of snow albedo (Pedersen and Winther, 2005; Lee et al., 2023). For ex-55

ample, among the 21 snowpack models used in the Earth System Model - Snow Model Intercomparison Project (ESM-Snow

MIP, Ménard et al., 2019), only two of them (CLM, (Lawrence et al., 2019) and the Snow Metamorphism and Albedo Pro-
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cess model (SMAP Niwano et al., 2012)) explicitly represent the effects of LAP on snow albedo evolution. The other models

rely on parameterizations of varying complexity (Supplementary Material of Ménard et al. (2019)) that aim at achieving high

computational efficiency with different levels of physical realism.60

Simple time/temperature-dependent parameterizations (e.g., Verseghy, 1991; Douville et al., 1995) have been developed

to represent the combined effects on snow albedo of multiple snow aging processes (increase in grain size due snow meta-

morphism, LAP deposition, etc). These parameterizations use fixed time constants that have been optimized using sparse

observational data, restricting their extension to untested environments and time periods (e.g. Mölders et al., 2008). More ad-

vanced snow models implemented in land surface schemes such as BATS (Dickinson et al., 1993), JULES (Best et al., 2011)65

and ISBA (Vionnet et al., 2012; Decharme et al., 2016) simulate the snow albedo evolution in different large spectral bands

and include explicitly the effect of optical grain size on albedo in these different bands. These models represent only indirectly

the impact of LAPs on snow albedo in the visible range through parameters that require calibration. For example, the default

version of the Crocus snow scheme used in support of operational avalanche forecasting (Vionnet et al., 2012) relies on a snow

darkening coefficient approximately representing the darkening of the snow with time. This parameter was calibrated in the70

French Alps (Brun et al., 1992) and does not account for the spatial variability of LAP deposition. Applications of the model

to other climates such as Antarctica where LAP deposition is extremely low require to tune the rate of albedo decrease in the

visible range (Brun et al., 2011). Such tuning is not possible when the model is applied at large scales, which limits the quality

of continental-scale snowpack simulations with Crocus (Brun et al., 2013; Mortimer et al., 2020).

The objective of this study is to develop a methodology to improve large scale simulations of snow albedo in snowpack75

schemes by taking into account the spatial variability of LAP deposition. This methodology is applied in this paper to the

default snow albedo parameterization of the detailed snowpack model Crocus to allow a better robustness of the model when

applied at large spatial scales. Optimized parameters for snow albedo simulations with Crocus were generated at ten reference

experimental sites spanning a large variety of climates. A regression was then established between these optimal parameters

and climatological deposition of LAPs (BC and dust) on snow at the location of the experimental sites extracted from a global80

climatology developed in this study. This regression was finally combined with the global climatology to obtain LAP-informed

and spatially-variable parameters for the Crocus albedo parameterization. This methodology could be applied to optimize

parameters controlling the albedo evolution in the visible range in other snowpack schemes (e.g., Dickinson et al., 1993; Best

et al., 2011; Decharme et al., 2016). The paper is organized as follows. Sect. 2 presents the snow albedo parameterization in

Crocus. Sect. 3 then details the model configuration, the evaluation data and method as well as the datasets used to build the85

global climatology of LAP deposition on snow. Results are presented in Sect. 4 followed by a discussion in Sect. 5. Finally,

Sect. 6 summarizes the results and offers concluding remarks.

2 Snow albedo parameterization in Crocus

Crocus is a multilayer snowpack model used for avalanche hazard forecasting, climate, and hydrology applications (Brun

et al., 1992; Vionnet et al., 2012; Lafaysse et al., 2017). It simulates the seasonal evolution of the physical properties of the90
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Table 1. Equations representing the snow albedo and the snow absorption coefficient for the three spectral bands in Crocus. The parameters

are as follows: dopt (m) is the optical grain diameter of the snow, ρ is the snow density, P (Pa) is the mean pressure at the site, PCDP (Pa)

is the mean pressure at the Col de Porte site, A (days) is the age of the snow, and γ (days) is the snow darkening coefficient. Adapted from

Table 4 in Vionnet et al. (2012).

Spectral band Spectral albedo αspectral band Absorption coefficient β (m−1)

0.3—0.8 µm

α0.3−0.8µm =max(0.6,αi −∆αage)

where : αi =min(0.92,0.96− 1.58
√

dopt) β0.3−0.8µm = max(40, 0.00192 ρ√
dopt

)

and : ∆αage =min(1,max( P
PCDP

,0.5))× 0.2A
γ

0.8—1.5 µm α0.8−1.5µm =max(0.3,0.9− 15.4
√

dopt) β0.8−1.5µm = max(100, 0.01098 ρ√
dopt

)

1.5—2.8 µm
α1.5−2.8µm = 346.3d

′
− 32.31

√
d′ +0.88

where : d
′
=min(dopt,0.0023) β1.5−2.8µm = + ∞

snowpack and its vertical layering. For each snow layer, Crocus simulates the evolution of the thickness, density, liquid water

content, temperature, age, and snow microstructure represented by the snow specific surface area and snow grain sphericity.

The sphericity is a semi-empirical variable that describes the ratio of angular versus rounded shape in a given snow layer (Brun

et al., 1992; Carmagnola et al., 2014). This study relies on the version of Crocus that has recently been implemented as an

additional option for snow simulations in the Soil, Vegetation and Snow version 2 (SVS-2) land surface scheme (Garnaud95

et al., 2019; Vionnet et al., 2022). SVS-2 is the land surface scheme used at Environment and Climate Change Canada (ECCC)

in preparation of the Terrestrial Snow Mass Mission (Derksen et al., 2021). Within SVS-2, Crocus is coupled to a multi-layer

soil model including soil freezing (Boone et al., 2000). In this version of Crocus, the maximum number of simulated snow

layers was set at 20 to test a viable configuration for an eventual operational implementation covering the whole Canadian

territory at 500-m resolution; such a configuration needs to balance accuracy and computational time. The rest of this section100

describes the default snow albedo parameterization in Crocus.

Snow albedo in Crocus is split between three spectral bands of incoming solar radiation: one in the visible (0.3 – 0.8 µm),

and two in the near infrared (0.8 – 1.5 µm and 1.5 – 2.8 µm). The albedo in each spectral band is calculated using a different

equation (Table 1) as proposed by Brun et al. (1992) based on the work from Warren (1982) and Sergent et al. (1987). In the

visible band, snow albedo depends mostly on the amount of LAPs, which is parameterized by the age of snow, and on the105

snow microstructure, represented by the optical diameter of snow (Carmagnola et al., 2014). In the near-infrared bands, the

spectral albedo depends only on the optical diameter of snow. The evolution of the optical diameter in Crocus is computed

using metamorphism laws as described in Brun et al. (1992) and Carmagnola et al. (2014). For a given layer, for dry snow,

the temporal evolution of the optical grain size is a function of the vertical temperature gradient, whereas, for wet snow, the

increase in optical grain size with time depends on the snow liquid water content. New snow in Crocus is characterized by an110

optical diameter of 0.1 mm (specific area of 65 m2kg−1) and results in an increase in snow albedo. The snow albedo in each
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band is obtained as a depth-weighted average of the albedo of the two upper snow layers. The properties (optical diameter,

dopt, age, A) of each layer are used to compute their respective albedo. This method is applied to avoid time discontinuities in

the simulated snow albedo resulting from layer aggregation.

To obtain the total albedo, the model assumes by default that the incoming shortwave radiation is split into the three bands115

as follows: 71% in the 0.3—0.8 µm range, 21% in the 0.8—1.5 µm range, and 8% in the 1.5—2.8 µm range. The total albedo

is therefore defined as:

α= 0.71α0.3−0.8µm +0.21α0.8−1.5µm +0.08α1.5−2.8µm (1)

Crocus simulates the penetration of incoming shortwave radiation into the snowpack and its absorption assuming an exponential

decay of radiation with increasing snow depth. The absorption coefficient in the different spectral bands (Table 1) depends on120

the optical diameter and on the density of each snow layer.

The impact of LAP deposition is parameterized by the age of snow through a snow darkening coefficient, γ (Table 1). The

snow age in Crocus corresponds to the time in days since the last snowfall for a given snow layer. A new layer made of fresh

snow is given a snow age of 0 and the snow age increases with time if no snowfall occurs. The snow darkening coefficient

controls the impact of the snow age A on the temporal evolution of the albedo in the visible band, as shown on Fig. 1. If γ is125

high, the albedo decreases slowly with the snow age, which is characteristic of a snowpack that receives low LAP deposition.

In contrast, if γ is low, the effect of snow darkening on albedo is larger, so that the snow albedo decreases more quickly, which

can be associated with higher LAP concentrations at the snow surface. Fig. 1 illustrates the dependency of the snow albedo

to the snow age for different values of γ and a constant value of the optical diameter. The default value of γ used until now in

Crocus simulations is 60 days. It has been set during the early developments of Crocus at the Col de Porte experimental site130

in the French Alps (Brun et al., 1992). When applied in Antarctica, Brun et al. (2011) used a value of 900 days to take into

account the exceptionally clean atmosphere over the Antarctic plateau so that the snow albedo decrease was drastically reduced

in the visible range. The default snow albedo parameterization in Crocus does not include the change in the ratio of incoming

radiation in the three bands as a function of the sky conditions and of the solar zenith angle. The impact of these limitations is

discussed in Sect. 5.135

The narrowband albedo in the visible range also includes an empirical term that was initially designed to reflect the impact

of elevation on the concentration of LAPs in the snow when applied in the French Alps for avalanche hazard forecasting (Brun

et al., 1992). This element is the pressure term, AP in the last line of the 0.3− 0.8 µm albedo equations in Table 1:

AP =min(1,max(
P

PCDP
,0.5)), (2)

where PCDP =870 hPa is the mean pressure at the Col de Porte experimental site in the French Alps (1325 m) (Morin et al.,140

2012). AP decreases with the site’s elevation, thus decreasing the impact of the snow age on spectral albedo and mimicking

the effect of lower LAP concentrations at high elevations. The idea behind this mechanism is that sites which are at a high

elevation in the French Alps are supposedly further away from pollution sources such as roads and cities located in valleys,

and consequently have lower concentrations of LAPs. However, the added value of this parameterization has never been
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Figure 1. Graphic representation of the dependency of the snow albedo in the visible spectral band (0.3− 0.8µm) to the snow age for

different values of γ and a constant value of the optical diameter, dopt = 6
ρiceSSA

, where ρice = 917 kgm−3 (at 0°C, Libois et al. (2015))

and SSA= 50 m2kg−1 (maximum for fresh snow at the Dome C site, Libois et al. (2015))

objectively evaluated and the relation between LAP impact and elevation could be more complex, as suggested in Réveillet145

et al. (2022), where a stronger influence of LAPs on the snow melt onset date was found at higher elevations. In the context of

this work, considering large scale applications of Crocus, the pressure term was not considered when computing ∆αage (Table

1). Instead, the impact of elevation on the deposition of LAPs was included by considering the altitudinal gradient of LAP

deposition around each study site as described in Sect. 4.2.2.

3 Data and methods150

First, the skills of snow albedo simulations with Crocus were examined for different values of the snow darkening coefficient,

γ, at 10 reference sites around the world, to find optimal ranges of γ for each site. Then, a global climatology of mean-annual

LAP deposition rates on snow was computed, from which the values at each of the 10 reference sites were extracted. A cross

analysis was then carried out to find a simple relationship between the LAP climatology and the optimal ranges of γ at the

reference sites. This relationship was finally applied to the global climatology of LAP depositions, to obtain a global dataset of155

new and improved γ values that can be used for large scale application of Crocus.

3.1 Snow albedo simulations

3.1.1 Data

This study used data from 10 sites spanning various snow cover types such as taiga snow, alpine snow and maritime snow

(Table 2 and Fig. 2). These sites were selected because of the availability of reference meteorological data to drive snowpack160
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simulations and reference snow measurements (including snow albedo) to evaluate the simulations. Six of these sites were

taken from the ESM-SnowMIP dataset (Ménard et al., 2019), a series of ten sites with standardized and quality-checked

observations and meteorological driving data. Among the ten original ESM-SnowMIP sites, the three located in forested areas

(Old Aspen, Old Black Spruce, and Old Jack Pine) were not selected due to the additional effect of forest debris on snow

albedo (Melloh et al., 2001). Out of the seven remaining sites, snow albedo measurements were not provided for two sites –165

Reynolds Mountain East (Idaho, USA), and Sodankylä (Finland) – in the original ESM-SnowMIP dataset (Ménard et al., 2019).

However, the Sodankylä site has more recent albedo measurements which were not included in the ESM-SnowMIP dataset but

were made available by the Finn. Met. Inst. (2018). A corresponding meteorological forcing file was built extending in time the

methodology of Essery et al. (2016) as detailed in Sect. S2.1 in Supplementary Material. Therefore, Sodankylä was included

with this alternative observation and meteorological dataset.170

To include more diverse locations, several other sites were also considered in the analysis. Three sites in the Canadian Arctic

region (Bylot, Umiujaq, and Trail Valley Creek) were added, as well as one alpine site in Austria (Kühtai). This yielded a total

of 10 sites for this study. To guarantee homogeneity between all ten sites, the observed daily-average albedo at the added sites

was computed from hourly incoming and outgoing shortwave radiation using the same methods as for the ESM-SnowMIP sites

(Morin et al., 2012; Ménard et al., 2019). Hourly values of incoming and outgoing radiation were filtered to discard hours when175

there was snowfall, when the incoming radiation was below 20 W m−2 (to remove hours when the sun is low on the horizon),

or when the outgoing radiation was below 2 W m−2. For the five sites which were added in this study (Bylot, Umiujaq, Trail

Valley Creek, Kühtai, and Sodankylä), another filter was added ensuring that the hourly incoming radiation was greater than

the outgoing radiation. For all sites, the daily-averaged albedo was then computed by dividing the sum of hourly outgoing

radiation values by the sum of hourly incoming radiation values. Days with less than 5 hours of valid radiation measurements180

were discarded. At each site, the atmospheric forcing is representative of the local meteorological conditions and is mostly

made of observations (Ménard et al., 2019). Hourly incoming longwave radiation from the ERA5 reanalysis (Hersbach et al.,

2020) was used at Bylot to drive Crocus due to uncertainty in the observed longwave radiation at this site (Domine et al., 2021).

For all the other sites, the observed longwave radiation was used.

On top of observed albedo data, daily observations of snow depth (SD) were also extracted at these ten sites. They were185

used to select days for the evaluation of albedo simulations (Sect. 3.1.2), and to evaluate the final results of this study (Sect.

3.3).

3.1.2 Methods

Multi-year snowpack simulations were carried out with the snowpack model Crocus within SVS2 at the ten experimental sites

described in Sect. 3.1.1. The model configurations (meteorological forcing heights, soil texture, vegetation type, etc.) were190

obtained from the reference papers describing each site (Table 2). A spin-up period of four years at each site (the first four

years of forcing dataset) was considered to provide initial conditions for the surface and soil column. The physical options used

in the multiphysics version of Crocus are detailed in Table A1.
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Table 2. List of the meteorological sites used in this study and some of their characteristics.

Site Name Code Source Time Period Elevation (m) Latitude, Longitude (°) Snow Cover

Bylot BYL Domine et al. (2021) 2014-2019 22 73.15, -80.00 Taiga

Col de Porte CDP Ménard et al. (2019) 1994-2014 1325 45.30, 5.77 Alpine

Kühtai KUT
Krajči et al. (2017),

Günther et al. (2019) 1990-2013 1920 47.21, 11.01 Alpine

Sapporo SAP Ménard et al. (2019) 2005-2015 15 43.08, 141.34 Maritime

Senator Beck SNB Ménard et al. (2019) 2005-2015 3714 37.91, -107.73 Alpine

Sodankylä SOD
Finn. Met. Inst. (2018),

Corcket (2023) 2012-2022 179 67.37, 26.63 Taiga

Swamp Angel SWA Ménard et al. (2019) 2005-2015 3371 37.91, -107.71 Alpine

Trail Valley Creek TVC Tutton et al. (2024) 2013-2018 91 68.75, -133.50 Taiga

Umiujaq UMQ Lackner et al. (2023) 2012-2020 130 56.56, -76.48 Taiga

Weissfluhjoch WFJ Ménard et al. (2019) 1996-2016 2536 46.83, 9.81 Alpine

Figure 2. Map showing the location of the experimental sites used in this study. The global seasonal snow classification of Sturm and Liston

(2021) is used to show the snow classes.
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Simulations were first run at each of the ten sites for values of γ between 5 and 900 days, with an eleven-point distribution

based on an exponential: [5, 10, 20, 30, 60, 90, 150, 250, 400, 650, 900] days. The maximal value of 900 days corresponds to195

the value used by Brun et al. (2011) in Antarctica. The minimum values of 5 days corresponds to a decrease in snow albedo of

0.2 in one week (Fig. 1), representative of maximal albedo decrease during LAP deposition events (e.g. Dumont et al., 2020).

A range of γ containing the values which yield the most skilled simulations was found at each site, using a method described

further on in this section. After this first round of simulations with γ in the [5, 900] days interval, a second round of simulations

was run at each site for a zoomed interval around the range of best γ values found during the first round. The zoomed intervals200

were manually chosen for each site as a compromise between granularity of the explored γ values and reasonable computing

time. As in the first run, the intervals were based on exponentials. This second round yielded more refined ranges of best γ

values at each site. For the evaluation, the hourly simulated snow albedo was averaged over each day to retain an aggregated

daily value similar to the observations.

Two criteria were imposed to select the days used to evaluate the simulated snow albedo. These criteria were all compiled for205

each site and year into a single mask which was then applied to all observation and simulation series for this site and year.

The first criterion ensured that the observed albedo corresponded to an actual snow albedo value. It made sure that the albedo

measurement had been collected over a fully snow-covered ground and that the ground surface beneath the snow cover did

not affect the measurement. Observed SD had to be higher than 20 cm. For high-latitude sites (above 60°N), this criterion was

relaxed to 10 cm because there is less precipitation at these sites, so SD did not reach far over 20 cm for certain years. Albedo210

simulations with the radiative transfer model SNICAR v3 (Flanner et al., 2021) confirmed the ground surface beneath the snow

cover does not modify the snow albedo by more than 2 % for a 10-cm thick snowpack (see Sect. S2.2 of the Supplementary

Material). Observed albedo also had to be higher than 0.5, which was a looser version of the criteria used in Lafaysse et al.

(2017), where all albedo values below 0.6 were discarded. Finally, days where SD was null in the simulation with the lowest

value of γ were discarded, keeping only days where there was in fact snow on the ground in all the simulations. This assumption215

is reasonable because simulated albedo is only computed from the surface layer physical properties so that the simulated albedo

is not modified in case of thin simulated snowpacks.

The second criterion was to select periods when the impact of LAPs on snow albedo was significant. These periods physically

correspond to days where the snow has aged, accumulating dry depositions of LAPs, and possibly gathering at the surface

LAPs from the lower layers if melting occurred (Tuzet et al., 2017). The snow age of the simulation with the highest γ had to220

be higher than a given value Alim (in days). Several criteria guided the choice of Alim:

– Alim had to be high enough for the impact of LAPs to be perceptible.

– Alim had to be high enough to discriminate between different values of γ, as its effect becomes increasingly noticeable

with the increase of snow age (Fig. 1).

– Alim had to be high enough to reduce the chance of having snow accumulated on the incoming solar radiation sensors225

and affecting the quality of the data (Lapo et al., 2015).

– Alim had to be low enough to retain a sufficient number of good quality days.
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In fine, the value Alim = 5 days was retained as providing a compromise between these criteria.

Two metrics were used to quantify the skills of the snow albedo simulations: the bias and the root mean square error (RMSE).

The bias quantifies the tendency of a simulation to systematically overestimate or underestimate the snow albedo. Its definition230

is as follows to compare the observed (obs) and simulated (sim) times series for a given site, year, and value of γ:

Biassite,year,γ = E[simsite,year,γ ]−E[obssite,year,γ ], (3)

where E[x] is the mean of x. The RMSE was also used to complement the bias. Its definition is as follows:

RMSEsite,year,γ =
√

E[(simsite,year,γ − obssite,year,γ)2]. (4)

For each site, and for each simulation with a given value of γ, the scores were computed for each year. A group of yearly235

scores for each value of γ was obtained at each site. The median over the years was computed to derive a single value of the

score for each γ at the site.

Albedo measurements are subject to instrumental uncertainties in both intrinsic precision and snow accumulation on incoming

radiation receptors (e.g. Lejeune et al. (2019); Lapo et al. (2015)). This means that there was a need to account for observa-

tion uncertainty when computing the error metrics, as two slightly different scores for two values of γ could turn out to be240

statistically equivalent. In such a case, a range of best γ values would need to be considered instead of a single best γ value

at each site. This range would contain the value with the best score at the given site, as well as all the other values which

are statistically equivalent to it. Taking inspiration from Lafaysse et al. (2017), and focusing on the RMSE score, a statistical

method described in Appendix B was used to find the range of best γ values at each site.

245

3.2 Climatology of light-absorbing particles deposition on snow

The goal of this section is to obtain a global climatology of daily LAP deposition rates on snow. Due to the important variability

of the length of the snow season around the world, global snow data was needed to select only deposition over snow. A

climatology of daily LAP deposition data was therefore combined with snow cover data in order to retain only LAP depositions

on snow-covered ground.250

3.2.1 Data

The LAP deposition data was taken from Zhao et al. (2018). This dataset has been generated with the NOAA/OAR Geophysical

Fluid Dynamics Laboratory Coupled Model version 4 (CM4; Zhao et al. (2018)) running for 37 years (1979-2015) on a C192

grid (192 grid points on each edge of the cube projected on Earth). GFDL-CM4 is driven by IPCC CMIP6 forcings, including

the emissions of BC (fossil fuel burning, aircraft, shipping, and biomass burning). Dust emissions are calculated on-line with255

a cubic dependency on surface winds using a fixed dust source function, and a constant threshold of wind erosion (Ginoux

et al., 2001). The aerosols are removed from the atmosphere by in- and below-cloud deposition, dry deposition at the surface,

and gravitational settling for dust particles. The model results are interpolated from C192 to a Cartesian latitude-longitude grid
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of 0.5 by 0.5 degrees resolution. The dataset consists of different percentiles (1, 5, 10, 25, 50, 75, 90, 95 and 99) of BC and

dust deposition rates (in kg m−2 s−1) over the period 1979-2015, for each day of the year (see an example on Fig. S1 in the260

Supplementary Material). The deposition rates for each type of LAP correspond to the total deposition rates (including both

wet and dry depositions). The deposition fluxes at the surface are given for an elevation corresponding to the ground elevation

plus half of the thickness of the first atmospheric layer (∼ 15 m). This elevation is referred to as the elevation of the GFDL grid

in the rest of the paper. This dataset has been described and evaluated in Zhao et al. (2018). A complementary analysis of the

accuracy of the GFDL dataset is presented in Sect. S1.2 of the Supplementary Material. In particular, it shows that the spatial265

variability of the mean annual dust deposition is well captured by the GFDL dataset (Fig. S3 in the Supplementary Material).

For the daily snow cover data, the Global Multisensor Automated Snow and Ice Mapping System (GMASI) product (Romanov,

2017) was used. Based on a combination of satellite observations in the visible, infrared, and microwave bands, it provides

a daily partition of surface cover between water, bare ground, ice-covered water, and snow-covered ground, at a global scale

from 1988 to the present (see an example on Fig. S2 in the Supplementary Material). This data is discretized along a 0.04° by270

0.04° longitude-latitude grid, which is equivalent to about 4 kilometers by 4 kilometers at the equator. There are two versions

of GMASI available: version 3 runs from 1988 to 2018, while version 4 is available from 2006 to 2023. In this study, the earlier

version 3 was used up until 2005, after which it was replaced by the current version 4. The authors of the GMASI product

made the choice to assume the permanent absence of snow between -25°N and +25°N longitudes, except in South America

where this is only true East of -60°E to capture the presence of snow in the Andes. This means that the climatology produced275

in this study has the same characteristics. The accuracy of the GMASI snow product has been evaluated by Romanov (2017)

versus in situ and other remote sensing datasets. Over the continental United States, he found that the percentage of correct

snow identifications when compared with in situ observations ranged between 75 and 85 % for the winter months and 94 %

over the full year. When compared with the Interactive Multisensor Snow and Ice Mapping System (Helfrich et al., 2007) over

the whole land area of the Northern Hemisphere, the agreement remained above 90 % all year long. The largest differences280

between the two products were found during the fall and the spring due to fast changes in the snow cover.

3.2.2 Methods

The climatology of dust and BC deposition over snow-covered ground was computed using the GFDL and GMASI datasets.

Proportions of snow-covered ground for each day of the year were first computed over the GMASI grid by averaging the

GMASI product over the period 1988-2015. A weighted average was then computed to obtain the mean daily LAP deposition285

over snow-covered ground: for each day the median deposition rates were first multiplied by the corresponding proportion of

snow-covered ground, and these products were summed over the full year. Then this sum was divided by the sum over the year

of all proportions of snow-covered ground. For a given location and for a given type of LAP (BC or mineral dust), the mean

daily deposition rate on snow, Dmean (in kg m−2 d−1), is therefore written as:

Dmean =

∑365
d=1 δdpd∑365
d=1 pd

× 60× 60× 24, (5)290
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where δd is the median deposition for that type of LAP over 1981-2015 on the day of the year d (in kg m−2 s−1), and pd

is the proportion of snow-covered ground over 1988-2015 for the day of the year d. Febuary 29 was ignored for leap years,

as if all years over the period had 365 days. Two other limitations can be identified in this calculation: (i) GMASI begins in

1988, while the GFDL dataset accounts for years between 1981 and 1987 and (ii) the GFDL dataset gives the median of the

deposition rates and not the mean values.295

LAP deposition (dust in particular) on snow is characterized by a strong inter-annual variability which can impact differently

the evolution of the snow cover from one year to another (e.g. Réveillet et al., 2022). To quantify this inter-annual variability,

the percentiles 25 and 75 for daily dust and BC deposition rates of the GFDL dataset were considered to obtain an estimation

of the typical daily average deposition of dust and BC on snow for a low LAP year (Dlow) and for a high LAP year (Dhigh).

The median deposition in Eq. 5 for a given type of LAP was replaced by the corresponding percentile 25 (75) for each day of300

the year for a low (high) LAP year.

Because of their different optical properties, dust and BC have different radiative impacts on the snowpack for the same

deposited mass (Clarke et al., 2004). To present a single climatological value of LAP deposition, it was therefore convenient to

express dust deposition in terms of equivalent BC deposition. This corresponds to the BC deposition that would have the same

integrated radiative impact as the considered dust deposition, over the studied spectral bands. Tuzet et al. (2019) examined305

expressions for an equivalent BC concentration in snow ceq,BC integrated over the 0.35 – 0.9 µm spectral band. An average of

the slope in Fig. 1 of Tuzet et al. (2019) yielded the following expression:

ceq,BC = cBC +0.0033cdust, (6)

where cBC is the BC concentration in snow and cdust is the dust concentration, all concentrations being expressed in ng g−1.

This relationship can also be used on deposition rates (Dmean, Dlow and Dhigh) by linearity. The inter-annual variability of BC,310

dust and total LAP deposition on snow with respect to the climatology is characterized by a coefficient of variability, CV,D:

CV,D =
Dhigh −Dlow

Dmean
(7)

From the global climatology, values of dust, BC, and equivalent BC deposition were extracted for each of the experimental

sites described in Sect3.1.1. The effect of elevation on the climatological mean BC and dust depositions was also investigated in

the vicinity of the five mountain sites: Col de Porte, Kühtai, Senator Beck, Swamp Angel, and Weissfluhjoch. The elevation of315

the GFDL climatology grid cell closest to each site was first compared to the real elevation at the site. The regional gradient of

mean LAP deposition (Dmean) with elevation was then determined around each site. It was computed using a linear regression

of the total LAP deposition rate as a function of the elevation using the grid cells surrounding each site in a 25-cell by 25-

cell square (which was approximately equivalent to a 5-cell by 5-cell square of the GFDL grid). An elevation-corrected total

mean LAP deposition rate at each site was then computed using the linear regression and the actual elevation of the site and320

the corresponding elevation of the GFDL dataset. The addition of half of the first atmospheric layer of the GFDL dataset

was neglected here, as it was very small compared to the sites’ ground elevations. A regional gradient with elevation at each

mountain site was also computed for Dlow and Dhigh and used to correct the corresponding deposition values.
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3.3 Cross-analysis

The final step of the analysis consisted in identifying a relationship between the range of statically equivalent best γ values and325

the mean LAP deposition rate at each site. A specific linear regression method, described in Appendix C, was proposed to find

the optimal relationship between the statically-equivalent range of γ and the individual LAP deposition rate.

To assess the added value of this LAP-dependent parameterization of γ in large scale simulations compared to the default

constant setting, a final evaluation was carried out to quantify the impact of using the new values of γ on simulated snow albedo

and snow depth at the ten experimental sites. The RMSE was computed to compare simulated and observed albedo and SD at330

each site and for each year, for two values of γ: the default value of 60 days, and the new value resulting from the regression

proposed in this study. The median of the yearly scores was then considered, as in Sect. 3.2.2. For each year, the RMSE was

computed when the ground was fully covered by snow as described in Sect. 3.2.2. The filter on the snow age was not applied.

The relative change in RMSE resulting the use of the new value of γ was finally computed at each site as:

Iv =
R̂MSEv,60 − R̂MSEv,γR

R̂MSEv,60

(8)335

where v is the considered variable (snow albedo or SD) and γR is the new value obtained from this study.

Finally, using the optimal regression obtained between the climatology of LAP deposition (Dmean) and γ, a global map

of optimal γmean values was derived from the global map of Dmean. This optimal regression was also applied to the LAP

deposition rate on snow for a low (Dlow) and a high LAP year (Dhigh) to quantify the uncertainty in the estimation of γ

resulting from the inter-annual variability of LAP deposition on snow. Values of γlow and γhigh were derived and a coefficient340

of variability for γ was computed. To obtain a positive coefficient, it is γhigh which is subtracted to γlow, since the values of γ

for a low LAP year are higher than for a high LAP year.

CV,γ =
γlow − γhigh

γmean
(9)

4 Results

4.1 Snow albedo simulations345

Fig. 3 shows an example of the seasonal evolution of observed and simulated snow depth and snow albedo for the Col de Porte

experimental site during winter 1998-1999. The age of surface snow is also shown for the simulations with different values of

γ. As expected, simulations with low values of γ are associated with a faster decrease in snow albedo than simulations with

high values of γ during all the periods following snowfall that refreshes the snow surface. Snow depth starts diverging between

the different simulations in the second half of the snow season once the peak of snow depth has been reached. Snow depth350

in simulations with low values of γ decreases faster due to larger melt rates associated with lower snow albedo and increased

snow compaction due to the presence of liquid water in the snowpack. The snow cover totally vanished 13 days later in the
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Figure 3. Time series of observed (black dots) and simulated (colored lines, one for each value of γ) values for SD (in meters, top), snow

age of the surface layer (in days, middle), and albedo (no unit, bottom) at the Col de Porte site over the 1998 – 1999 snow year. The grey

vertical lines mark the days which have been selected for the evaluation. Note that observed data are not available for snow age.

simulation using γ = 900 days compared to the simulation with γ = 5 days. The vertical grey lines on Fig. 3 show the days

selected to compute the albedo evaluation using the criteria listed in Sect. 3.1.2. As designed in Sect. 3.1.2, they cover periods

of decreasing albedo, far enough from snowfall events (increases in SD). The average number of selected days per snow season355

was examined at each site and can be found in Supplementary Material (Table S4). On average over all sites and snow seasons,

41 days were retained per season, and all sites but two are grouped around this value. The two outliers are Sapporo with 12

days selected due to its particularly short snow season, and Weissfluhjoch with 73 days.

Error metrics (bias and RMSE) for snow albedo were then computed for each year at each site. Fig. 4 shows an example of

the distribution of these error metrics for different values of γ at the Col de Porte experimental site. Each boxplot summarizes360

the distribution of the score for all the available years for a given value of γ. Results for the two rounds of evaluation considering

two ranges of values for γ (Sect. 3.1.2) are shown on Fig. 4. At Col de Porte, the optimal values of γ ranged from 13 to 20

days: these values were associated with the lowest values of RMSE and had snow albedo biases close to zero. The box plots

for all other sites for the second round of evaluation can be seen in Supplementary Material (Fig. S5 to S13).

The resulting optimal ranges of γ obtained at each site were compiled in Fig. 5 (logarithmic scale on Fig. 5a and linear scale365

on Fig. 5b). The optimal values of γ strongly depart from the default value of 60 days used in Crocus. The highest values of γ,

in the 400 – 800 days range, were found at the Canadian Arctic sites of Bylot and Trail Valley Creek. Optimal values ranging

around 100 – 200 days were found at Sodankylä, a site in northern Scandinavia, Umiujaq, a low Arctic site in Canada and at

the high-elevation alpine site of Weissfluhjoch. Values close to the default 60 days values were optimal at Senator Beck and
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Figure 4. Box plot showing the distribution of the yearly scores at the Col de Porte site from 1994 to 2014, for the first round of evaluation

(a) over the [5, 900] days range and (b) for the second round of evaluation zoomed in the [7, 55] days range. The median over the years for

each γ is shown in white. The box plots show the interquartile values, and outliers are plotted as circles. The grey rectangle along the x axis

shows the best γ range derived from the evaluation process. Note that the vertical axes are not identical for plots (a) and (b).

Swamp Angel, the two high elevation Colorado sites. Finally, the lowest values of γ appeared at Col de Porte, Sapporo, and370

Kühtai.

4.2 Climatology of light-absorbing particles deposition on snow

4.2.1 Global climatology

From the GMASI product, a probability of snow cover at each location for each day of the year was computed, by dividing the

number of years where there was snow cover at the location by the number of years in the dataset. Summing these probabilities375

over all days of the year yielded the average number of snow cover days per year at each location over the 1988-2016 period.

Fig. 6 shows the spatial variability at a global scale with a strong latitudinal trend in the Northern Hemisphere. Mountainous

areas (mostly the Himalayas, the European Alps, and the Canadian and US Rockies) appear very clearly as they are more

often snow-covered than the lower-elevation surrounding regions. As expected, Antarctica and Greenland are characterized by

the presence of snow cover that extends all year long. The no-snow mask applied in the Southern Hemisphere in the GMASI380

product (see Sect. 3.1.2) can be clearly seen in South America (east of the Andes), in South Africa and in Australia.

Global maps of mean annual dust and BC deposition rates on snow are presented in Fig. 7. Some spatial patterns are visible:

BC deposition is higher in South-East Asia and Europe (Fig. 7a) whereas low BC deposition rates are found in the Canadian

Arctic and in Eastern Siberia. Mineral dust is mainly deposited in regions close to the main source regions such as the Middle

East, the Andes (close to the Altiplano and Patagonian deserts), and to a lesser extent the West of the United States (Fig. 7b).385

The lowest deposition rates of BC and dust on snow are found in Antarctica. Mineral dust deposition rates are overall higher
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Figure 5. Optimal range of γ at each site, in (a) logarithmic and (b) linear scale.

than BC deposition rates, but the impact of mineral dust on albedo is much lower than the impact of BC (about three orders

of magnitude according to Eq. 6; Clarke et al. (2004)). For this reason, the total LAP deposition rates on snow (Fig. 7c) have

similar orders of magnitude to BC deposition rates, with a spatial variability that reflects the variability found in the climatology

of both dust and BC deposition on snow.390

Figure 8 quantifies the inter-annual variability of BC, dust and total LAP deposition on snow (Eq. 7). The Mediterranean

basin, Turkey, the Caucasus, the southern Andes and the mountains of Western US present a large inter-annual variability of

dust deposition on snow associated with the strong variability of dust deposition events in these regions (Skiles et al., 2012;

Di Mauro et al., 2015; Dumont et al., 2020; Réveillet et al., 2022; Haugvaldstad et al., 2024). The inter-annual variability of dust

deposition on snow is generally larger than the inter-annual variability of BC deposition on snow, in agreement with Réveillet395

et al. (2022). Antarctica appears as the region with the strongest inter-annual variability of BC deposition on snow (compared

to the climatology) but this variability remains the lowest around the planet when considered in absolute value (Fig. S4 in the

Supplementary Material). As for the total deposition rates, the inter-annual variability of total LAP deposition on snow remains

close to the values found for BC, with the exception of regions where the inter-annual variability of dust deposition on snow is

the largest (Karakum Desert, Aral Sea, Gobi Desert and south-western Andes).400
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Figure 6. Global map of number of days with snow cover (1988-2015 annual average), derived from the GMASI dataset.

4.2.2 Climatology at the reference sites

The local gradients of total LAP deposition with elevation were computed around each mountainous site, as described in Sect.

3.2.2, and are shown on Fig. 9. Senator Beck and Swamp Angel are represented on the same figure (Fig. 9c) since they fell

within the same grid cell. The comparison of the actual elevation at each site with the elevation of the corresponding grid cell

in the GFDL dataset, as well as the value of the gradient and the regression coefficient of each linear regression are also shown405

in Fig. 9. These altitudinal gradients revealed contrasted evolutions of LAP deposition rates with elevation around the different

sites. Indeed, the two sites located in the Rockies display an increase in LAP deposition as a function of elevation whereas a

decrease with elevation is found for the three sites located in the European Alps with similar values of the altitudinal gradient.

The LAP climatologies were then extracted from Fig. 7c at the ten experimental sites considered in the study and were

adjusted using the altitudinal gradients for the five mountainous sites. Fig. 10 presents the initial and adjusted values of LAP410

deposition rates for all sites. The sites displayed a wide range of LAP deposition rates, with over two orders of magnitude of

difference between the least contaminated site (Bylot in Northern Canada) and the most contaminated (Sapporo in Japan). The

Canadian Arctic sites presented the largest inter-annual variability of LAP deposition on snow (up to one order of magnitude

at Umiujaq) and received significantly lower LAP deposition than the rest of the sites. The sites in the European Alps had

the highest deposition rates after Sapporo while the two Colorado sites as well as Sodankylä received mid-range deposition415

rates. The largest altitudinal correction was performed at the Weissfluhjoch site due to the large difference between the actual
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Figure 7. Global maps of annual mean (a) BC, (b) dust, and (c) total LAP (BC + dust in equivalent BC) deposition rates over snow. The

logarithmic color scale highlights the orders of magnitude of difference between BC (a) and dust (b) deposition rates.

elevation of the site and the corresponding GFDL elevation. Only minor corrections were applied to the other mountain sites.

At Swamp Angel and Senator Beck, the correction was positive whereas it was negative at the other sites, in agreement with

the altitudinal gradients shown on Fig. 9.

4.3 Cross-analysis420

The linear regression method presented in Section3.3 was applied to find a relationship between the range of statistically

equivalent values of γ and the climatological LAP deposition at each site. It is presented in Fig. 11, before and after the

correction for elevation was applied to the mountainous sites. The regression with the altitudinal correction had the following

characteristics:

log(γ) =−0.641log(Dmean,LAP)− 2.99,R2 = 0.642, (10)425

where Dmean,LAP is the climatological deposition rate of total LAPs over snow expressed in kg m−2 d−1 of equivalent BC.

The regression without altitudinal correction was very similar with a slightly lower regression coefficient of R2 = 0.613.

18



Figure 8. Global maps of the coefficient of variability of annual mean (a) BC, (b) dust, and (c) total LAP (BC + dust in equivalent BC)

deposition rates over snow between a high and a low LAP year.

The two linear regressions are very similar (Fig. 11), but the correction for elevation provided a slight improvement in the

regression coefficient, so that this regression is used as the reference regression in the rest of this study. Updates values of γ

(referred to as γR) were obtained at each site from Eq. 10.430

The benefit of using γR compared to the current default in Crocus (60 days) was then assessed in terms of simulated snow

albedo and snow depth at the 10 experimental sites. Results are shown on Fig. 12. Improvements in snow albedo simulations

(i.e., decrease in RMSE) are found at 7 sites (Fig. 12a). The average relative decrease in RMSE over the 10 sites was 10% for

snow albedo. The albedo simulations were improved most at the three Canadian Arctic sites (decrease in RMSE larger than

25%), because the default value of 60 days was very small compared to the value of γR at these sites (Fig. 11). At Col de Porte,435

Kühtai and Sapporo, the opposite effect was observed: the default value was too high compared to γR and the ideal range of

γ at these sites. In Sodankylä, γR fell very close to the ideal range of γ at this site and provided a moderate improvement

in albedo simulations (decrease in RMSE by 6 %). Albedo simulations at the two Colorado sites and at Weissfluhjoch were

degraded when using γR, which is further away from their optimal ranges of γ than the 60 days default (Fig. 11).

The snow depth (SD) simulations show different improvement tendencies compared to snow albedo (Fig. 12b) with an440

average relative decrease in RMSE over the 10 sites of 3% (10 % for albedo). SD simulations were improved at 6 out of the

10 experimental sites. Among these 6 sites, 5 of them showed simultaneous improvements in albedo and SD simulations. SD
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Figure 9. Local gradient of the total LAP climatological deposition rate with elevation and associated linear regression at (a) Col de Porte,

(b) Kühtai, (c) Swamp Angel and Senator Beck, and (d) Weissfluhjoch. Note that the axes are not identical between the plots. The gradients

have the units kg m−2 d−1.

simulations at Col de Porte were degraded when using γR (increase in RMSE by 10%) despite strong improvements in albedo

simulations (decrease in RMSE by 13%). A similar behavior was observed for the SD simulations at Sodankylä. Using γR

degraded SD simulations at Weissfluhjoch (increase in RMSE by 12%) in agreement with the degradation found for snow445

albedo (increase in RMSE by 13%). The largest RMSE for SD simulations (using both configurations of the model) was

found at Senator Beck. This site is exposed to wind-induced snow redistribution which cannot be reproduced by the model in

point-scale mode. The same issue affected a large number of models used in the ESM SnowMIP exercise (Menard et al., 2021).

Fig. 13a shows the global map of γmean derived from Eq 10. The horizontal resolution of this global map is the same as the

global climatology of LAP deposition on snow (0.04° by 0.04°). Threshold values for γmean were set at 5 and 900 days. The450

lowest values of γmean (in the range 5 to 50 days) should be used in the regions that receive the largest deposition of LAP,

notably South-East Asia and Europe (Fig. 7c). The highest values of γmean (above 500 days) should be used in regions which

receive low LAP depositions, namely Antarctica, Greenland and the high Canadian Arctic. The largest uncertainties for γ as

shown on Fig. 13b are found in regions where the inter-annual variability of LAP deposition on snow is the largest (Fig. 8c).

This includes the east coast of North America and central Siberia that are close to regions of BC emissions. The Karakum455

Desert, the Aral Sea and the Gobi Desert are also regions of large variability in γ due to the strong inter-annual variability of

dust deposition in these regions (Fig. 8b). Finally, Antarctica shows no inter-annual variability of γ since the values of γ for
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Figure 10. Graph representing climatological LAP deposition rates at all sites, before and after the correction of elevation effects. Arrows

indicate these corrections, at mountainous sites. The error bars represent the inter-annual variability of LAP deposition at each site.

a low and high LAP in this region are equal to 900 days (the maximal value allowed for γ in Crocus) due to very low LAP

deposition on snow (Fig. 7c).

5 Discussion460

Multiyear simulations with the Crocus snowpack scheme have been carried out to determine the ranges of values of the snow

darkening coefficient γ giving the best snow albedo simulations at ten sites covering different climates (Fig. 2 and Table 2). A

large variability of the optimal range of values for γ was found across the ten sites (Fig. 5). These results confirm that a single

value of γ cannot be used for all climates around the world, and this parameter needs to be tuned as proposed by Brun et al.

(2011). In particular, the values in the 500- to 900-day range found in this study for the two sites located in the Canadian Arctic465

(Trail Valley Creek and Bylot Island) are consistent with the values used for polar snow by Brun et al. (2011) and Woolley

et al. (2024). On the other hand, Fig. 5 reports optimal γ values in the range 13-20 days at the Col de Porte experimental site.

These values differ from the default value of 60 days that was optimized by Brun et al. (1992) for this site. However, Brun et al.

(1992) did not use albedo measurements to tune the value of γ. Instead, they relied on measurements of surface temperature to

show that γ=60 days provided good simulations of the snow surface energy balance. Lafaysse et al. (2017) have shown that the470

energy balance simulated by Crocus is associated with additional sources of uncertainties, in particular due to the formulation
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Figure 11. Graph representing the optimal ranges of γ as a function of total LAP deposition rates in equivalent BC, in logarithmic scales,

and the corresponding linear regressions with and without correction for elevation at the mountain sites (the correction is represented by the

arrows). The points which have been represented with circles in each range are the ones closest to the final regression (Eq. 10), which are

used to compute the regression coefficient (see method in Appendix C). The error bar along the x-axis represents the inter-annual variability

of LAP deposition at each site.

of turbulent fluxes (Martin and Lejeune, 1998). The direct optimization of γ on snow albedo proposed in this study reduces the

impact of these additional sources of uncertainties on the estimation of the optimal values of this parameter.

The optimal values of γ shown in Fig. 5 have then been combined with climatological values of LAP deposition on snow at

the ten experimental sites to determine a regression between these two variables (Fig. 11). This logarithmic linear regression475

confirms the dependency of γ on the LAP deposition rate which influences snow albedo in the visible range. 64% of the

variation in γ is explained by the regression model. The largest discrepancies between the regression and the optimal values of

γ are found for the Weissfluhjoch and Kühtai sites, located in the European Alps. These two sites are geographically close to

each other (approximately 150 km apart) with optimal values of γ in the range 134-245 days at the Weissfluhjoch site and in

the range 7-10 days at Kühtai. According to the GFDL climate model, these two sites present similar climatological values of480

LAP deposition on snow. The correction for elevation proposed in this study only slightly differenciated these climatological

values. The discrepancy between the two sites may result from the inability of the global climatology of LAP deposition on

snow to capture fine-scale features of LAP deposition in mountainous terrain and the presence of local LAP sources. The

Weissfluhjoch site is located well above an alpine valley whereas the Kühtai snow site is located in a valley. The GFDL climate

model at 50-km grid spacing (Zhao et al., 2018) cannot accurately reproduce orographic precipitations, which are essential for485

wet deposition of LAPs, nor channelling of dust flow through valleys (Baladima et al., 2022).
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Figure 12. For each site, relative improvement of simulation skills for (a) albedo and (b) snow depth, from this study compared to the default

60 days value, and absolute improvements for (c) albedo and (d) snow depth, where the black dots are the default 60 days value and the bars

are the results from this study.

Figure 13. Global maps showing (a) the optimal value of γ derived from Eq. 10 and (b) the coefficient of variability of γ associated with the

inter-annual variability of LAP deposition on snow.

The climatology of LAP deposition on snow would therefore benefit from inputs of chemistry transport models at 10-km

resolution for global applications (e.g. Bessagnet et al., 2017) and at even higher resolutions for regional applications (e.g.
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Baladima et al., 2022). Such products would allow to refine the altitudinal adjustments applied to the local climatology to

correct for the difference of elevation between the climatology and the actual elevation of the sites. The results obtained with490

the current climatology suggest that the local altitudinal gradients of LAP climatological deposition rate are characteristic

of each mountain range (Fig. 9). The climatological LAP deposition rate decreases with elevation in the Europeans Alps

(around Weissfluhjoch, Col de Porte, and Kuthai) whereas it increases with elevation in the Colorado Rocky Mountains (USA,

around Senator Beck and Swamp Angel). The default snow albedo parameterization in Crocus is consistent with the altitudinal

gradient found in the European Alps since it uses a pressure term (Eq. 2) to increase the value of γ with elevation, indirectly495

representing a decease in LAP deposition with elevation. However, this term is not suitable for the Colorado Rocky Mountains

nor potentially for other mountain ranges. This result justifies why the pressure term was not considered in this study and

highlights the need to carefully revise this term when Crocus is applied in different mountain ranges across the world.

The LAP deposition outputs in the GFDL dataset only contain the deposition rates for BC and dust as percentiles for each

day of the year, based on the 1979-2015 period. This characteristic of the dataset led to two limitations of this study. First,500

the inter-annual variability of LAP deposition on snow was calculated for a low LAP year and a high LAP year using the

percentiles 25 and 75 for dust and BC deposition for each day of the year. Such a method can only provide an estimation

of the inter-annual variability of LAP deposition. A more accurate computation would have required to use the deposition

rates of BC and dust for each day of the year and to combine them with the corresponding snow cover information. Mean

daily deposition of LAP on snow could have then been computed for each year of the period of interest and the inter-annual505

variability could have been estimated precisely. Second, the regression between γ and the LAP climatological deposition rates

relied on a total of 10 points corresponding to the ten experimental sites considered in this study (Fig. 11). The size of the

sample limits the robustness of the regression. Having average LAP deposition rates on snow for each year and each site would

have allowed a comparison with the corresponding optimal values of γ for each year and have increased the size of the sample

considered in the regression ten-fold. To overcome these limitations, the MERRA2 atmospheric reanalysis (Gelaro et al., 2017)510

could be considered as an alternative to the GFDL dataset since MERRA2 provides global daily estimates of wet and dry LAP

depositions rates at 50-km resolution since 1980. Adding new sites in the analysis is another option to increase the size of this

sample in the regression, but it requires reference sites with quality-controlled meteorology and dedicated snow observations

such as those available in the ESM-SnowMIP dataset (Ménard et al., 2019).

The values of γ determined with the logarithmic linear regression improved snow albedo simulations with Crocus at seven515

out of the ten sites (Fig. 12a and c), with the largest improvements found for the Arctic sites (decrease in RMSE larger

than 25%). These results confirm the robustness of the approach at the sites where the regression was developed. Further

evaluations using independent sites are required to confirm the transferability of the approach. Simulations of snow depth with

Crocus including the LAP-dependent γ were also slightly improved compared to the default version of Crocus (Fig. 12b

and d; average decrease in RMSE of 3% at the ten sites). However, certain sites such as Col de Porte and Sodankylä showed520

degradations in the simulations of snow depth despite improvements in the simulation of snow albedo. This behavior may

be explained by the fact that the quality of snow depth simulations by the model is influenced by other sources of errors in

the different model parameterizations (Lafaysse et al., 2017; Günther et al., 2019). Ensemble snowpack simulations (Lafaysse

24



et al., 2017) could be used to quantify the uncertainties associated with these different parameterizations and identify the role

of the adjusted values of γ. Despite the improvements brought in this study, the default snow albedo in Crocus still suffers from525

limitations associated with the fixed ratio used to compute the broadband albedo from the values in the three spectral bands

(Eq.1) and the absence of effect of the solar zenith angle on snow albedo. Gardner and Sharp (2010) have shown that changes

in solar zenith angle and clouds’ optical thickness can lead to changes on the order of 0.05 in the snow albedo values (Fig. 9 in

their study). Including these effects will lead to further improvements in large scale snow albedo simulations with Crocus.

The methodology developed in this study relies on climatological values of LAP deposition on snow, so that it cannot530

represent the seasonal variation of LAP deposition on snow and the impact of individual LAP deposition events that can

strongly influence the evolution of snow albedo (e.g. Di Mauro et al., 2015; Dumont et al., 2020). Their representation can only

be achieved by coupling a snowpack model with a more numerically expensive snow radiative transfer model and using LAP

deposition fluxes as additional forcing (Flanner et al., 2007; Tuzet et al., 2017; Réveillet et al., 2022). Instead, the methodology

proposed in this study aims at capturing the impact of the large spatial variability of LAP deposition on the simulation of snow535

albedo. It has been applied to the default albedo parameterization of the Crocus snow scheme and presents a strong potential to

improve continental-scale snow simulations (Brun et al., 2013; Mortimer et al., 2020), which serve as a basis for climate trend-

analysis (Mudryk et al., 2024). The uncertainty in γ resulting from the inter-annual variability of LAP deposition on snow varies

spatially (Fig. 13b) and can be considered in the context of ensemble snowpack simulations. The methodology developed in this

study can be applied to optimize parameters that indirectly represent the impact of LAPs on snow albedo in the visible range in540

other snowpack models explicitly including the effect of optical grain size on albedo (Dickinson et al., 1993; Best et al., 2011;

Decharme et al., 2016). The time constants in more simple time-dependent snow albedo parameterizations (e.g., Verseghy,

1991; Douville et al., 1995; Pedersen and Winther, 2005) could also be optimized using the global climatology proposed in

this study. However, this optimization would require a careful analysis to make the distinction between the combined effects of

several snow aging processes contributing to the decrease of snow albedo with time, such as LAP depositions and the increase545

in optical grain size due to snow metamorphism.

This study has established a relationship between the snow darkening coefficient (γ) and the climatological values of LAP

deposition on snow. Several factors that are influencing the spatial distribution of γ are not included. Firstly, only deposition

of dust and BC were considered when computing the climatology of mean LAP deposition over snow. The darkening effect of

brown carbon (BrC) resulting from biomass burning and biofuel sources (Beres et al., 2020; Brown et al., 2022) is not included550

since BrC deposition rates are not available in the GFDL dataset. Brown et al. (2022) found that the ratio of globally averaged

snow darkening effect from BrC to the one from BC ranges from 37% to 98%. This suggests that including BrC could help

refine the global map of γ shown on Fig. 13. In addition, the effects of forest litter and debris on snow albedo in the visible

range and on the resulting γ values (Melloh et al., 2001) were not considered in this study. Only sites located in open terrain

were selected to determine the optimal ranges of γ. Therefore, the values of γ shown on Fig. 13 do not include the effect of555

the forest presence. The approach of Hardy et al. (2000) could be considered to indirectly represent the effects of forest litter

in the default snow albedo scheme used in Crocus.
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6 Conclusions

The goal of this study was to develop a methodology of intermediate complexity to improve large scale simulations of snow

albedo in snowpack schemes by taking into account the spatial variability of LAP deposition (BC and dust). Toward this goal,560

a global climatology of LAP deposition over snow has been built by combining a climatology of daily LAP deposition from

a global climate model with a global remotely-sensed snow cover dataset to retain only deposition over snow, providing an

estimation of the average BC and dust deposition rates over snow for the period 1981-2015 and an estimation of the associated

inter-annual variability. The two types of LAPs were then expressed in terms of equivalent black carbon and summed to obtain

the climatology of total LAP deposition. This climatology and the associated inter-annual variability are available for scientific565

use (Gaillard et al., 2024a).

The default albedo parameterization in the detailed snowpack scheme Crocus has then been improved using this climatology

by optimizing a parameter that controls the snow albedo evolution in the visible range (known as the snow darkening coefficient,

γ). This coefficient implicitly represents the darkening of the snow with time due to LAP deposition with low (high) values

indicative of darkened (clean) snow. Multi-year snowpack simulations were carried out with Crocus at ten reference sites570

covering a large variety of climates. The range of optimal values of γ yielding the most skilled albedo simulations was found

at each site, accounting for uncertainties in the observation of snow albedo. This analysis revealed a wide variety and a good

dispersion of the ranges of γ at the ten chosen sites: ideal γ values went from 7 days at Kühtai, in the Austrian Alps, to 898

days at Bylot and Trail Valley Creek, in the Canadian Arctic.

A logarithmic linear regression was then applied between the optimal ranges of γ and the LAP deposition rates at the ten575

sites extracted from the climatology. These LAP deposition rates ranged over two orders of magnitude between the Canadian

Arctic sites and Sapporo in Japan. The logarithmic linear relationship was finally combined with the global climatology to

obtain an LAP-informed and spatially variable γ parameter for the Crocus albedo parameterization. The revised parameter

improved, on average, snow albedo simulations by 10% with the largest improvements found in the Arctic (more than 25%).

The uncertainty in γ resulting from the inter-annual variability of LAP deposition on snow was computed. The global dataset580

with the optimal values of γ and the associated uncertainty are available for the users of Crocus (Gaillard et al., 2024b). This

approach takes into account the climatological spatial variability of LAP deposition on snow but cannot represent the seasonal

variation of LAP deposition which can result from single deposition events, nor the inter-annual variability of LAP deposition.

Future work will test the impact of the spatially optimized values of γ in snowpack simulations with Crocus over large

domains such as Canada. The methodology detailed in this paper can be applied to optimize parameters controlling the albedo585

evolution in the visible range in other snowpack schemes (e.g., Dickinson et al., 1993; Best et al., 2011; Decharme et al., 2016)

without requiring coupling with a more expensive snow radiative transfer model.

Code and data availability. The global climatology of LAP deposition on snow is available at https://doi.org/10.5281/zenodo.11554783

(Gaillard et al., 2024a). The LAP-informed γ values are available at https://doi.org/10.5281/zenodo.11554926 (Gaillard et al., 2024b). The

code of Crocus within the land surface scheme SVS2 used in this study is available at https://github.com/VVionnet/MESH_SVS/tree/master.590

26

https://doi.org/10.5281/zenodo.11554783
https://doi.org/10.5281/zenodo.11554926
https://github.com/VVionnet/MESH_SVS/tree/master


Table A1. Physical options of the multiphyscis version of Crocus used in this study. The names of the options refer to the Crocus namelist

(Lafaysse et al., 2017)

Physical process Name of the option Reference

Snowfall density V21 Vionnet et al. (2012)

Metamorphism B21 Baron (2023)

Turbulent fluxes RI2 Lafaysse et al. (2017)

Thermal conductivity Y81 Yen (1981)

Liquid water holding B92 Brun et al. (1992)

Compaction B92 Brun et al. (1992)

Snowdrift VI13 Vionnet et al. (2013)

Integration of these developments in the version of Crocus available in the SURFEX modelling platform will be done after the publication

of this study.

Appendix A: Parameterizations used in Crocus

The multiphysics version of Crocus (Lafaysse et al., 2017) offers different options to simulate physical processes that drive the

evolution of the snowpack. Table A1 details the options used in Crocus for all the simulations presented in this study.595

Appendix B: Method to select statistically-equivalent intervals of γ

For a given site, the score estimator for each value of γ is:

̂RMSEsite,γ =Myears(RMSEsite,year,γ), (B1)

where Myears is the median over all the years available at this site and RMSEsite,year,γ is the yearly RMSE score as expressed

in Eq. 4. This score is uncertain because of the observational error. It is modelled as proposed in Lafaysse et al. (2017) using a600

normal distribution as a first-order approximation:

Nsite,γ =N (R̂MSEsite,γ ,σRMSE), (B2)

where the variance σRMSE is the estimated observational uncertainty corresponding to the RMSE score. The a priori value

for σRMSE suggested in Lafaysse et al. (2017) is 0.069. This value was estimated at the Col de Porte site, whose incoming

radiation receptors are equipped with automatic wipers to avoid the inexactitudes from snowfall accumulation on the sensors.605

Most of the other sites in this study are not similarly equipped, though some have frequent manual wiping of the sensors.

Therefore, this value of σRMSE is potentially underestimated for most of the sites. In this study, it was nonetheless retained as

a first order estimate of the observational uncertainty corresponding to the RMSE score. Numerically, 1001 values of Nsite,γ
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were randomly generated to represent the distribution.

The statistically-equivalent range of γ was finally computed by considering γ̃ the value of γ which gave the best score estimator610

R̂MSEsite,γ . An independent samples t-test was applied between Nsite,γ̃ and each of the other distributions Nsite,γ , to assess

if the difference between them was statistically significant or not. For this test, a confidence interval of 90% was used, as

suggested in Lafaysse et al. (2017). All values of γ which were not declared statistically different from γ̃ by the t-test were

added to the range of best γ values for the considered site. A range of statistically equivalent ideal γ values was obtained for

each site and considered in the rest of the study.615

Appendix C: Method for the linear regression

This method slightly differs from classic linear regression methods that do not consider a uniform range of statically equivalent

values for the target variable. The cost function used was inspired from the mean squared error (MSE), defined as follows for

an independent variable x and a dependent variable y:

MSE =
1

N

N∑
i=1

(axi + b− yi)
2, (C1)620

where the scatter plot from which to derive the regression is (xi,yi)i∈[1,N ], and a and b are the regression coefficients such

that y = ax+ b. This MSE was therefore the sum of squared distances between the predicted value of y and the actual value of

y. To account for the ranges of y (which in our study represents γ), the actual value of y was replaced with the range of values

Y :

MSE =
1

N

N∑
i=1

∆2
i , (C2)625

with ∆i =


0 if yi,min ≤ axi + b≤ yi,max

axi + b− yi,min if yi,min ≥ axi + b

axi + b− yi,max if yi,max ≤ axi + b

(C3)

where yi,min and yi,max are the minimal and maximal values within the range Yi. A gradient descent method was used to

optimize a and b following this cost function, using a learning rate of 0.01, 1000 iterations, and initial a and b values derived

from an automatic standard linear regression for a random value within each range of γ.

Once the optimal a and b were found, the points closest to the regression within each range were found. These are the points630

which were taken into account during the final iteration of the gradient descent. If the regression had been carried out over

these points instead of the ranges Y , the resulting a and b would have been the same. For this reason, these points were used to

compute the regression coefficient R2:
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R2 = 1−
∑N

i=1 (axi + b− yi)
2∑N

i=1 (axi + b− yi)2
(C4)

with yi =


axi + b if yi,min ≤ axi + b≤ yi,max

axi + b− yi,min if yi,min ≥ axi + b

axi + b− yi,max if yi,max ≤ axi + b

(C5)635

where yi is the average of (yi)i∈[1,N ]. This coefficient was useful to evaluate the quality of the linear regression.
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Krajči, P., Kirnbauer, R., Parajka, J., Schöber, J., and Blöschl, G.: The Kühtai data set: 25 years of lysimetric, snow pillow, and meteorological

measurements, Water Resources Research, 53, 5158–5165, https://doi.org/10.1002/2017WR020445, 2017.

32

https://doi.org/10.1175/JCLI-D-16-0758.1
https://doi.org/10.1029/2000JD000053
https://doi.org/10.1029/2018WR023403
https://doi.org/10.1002/2017WR020445


Lackner, G., Domine, F., Sarrazin, D., Nadeau, D., and Belke-Brea, M.: Meteorological, snow and soil data, CO2, water and energy

fluxes, from a low-Arctic valley in the forest-tundra ecotone of Northern Quebec, Earth System Science Data Discussions, 2023, 1–28,760

https://doi.org/10.5194/essd-2023-7, 2023.

Lafaysse, M., Cluzet, B., Dumont, M., Lejeune, Y., Vionnet, V., and Morin, S.: A multiphysical ensemble system of numerical snow mod-

elling, The Cryosphere, 11, 1173–1198, https://doi.org/10.5194/tc-11-1173-2017, 2017.

Lapo, K. E., Hinkelman, L. M., Landry, C. C., Massmann, A. K., and Lundquist, J. D.: A simple algorithm for identifying periods of snow

accumulation on a radiometer, Water Resources Research, 51, 7820–7828, https://doi.org/10.1002/2015WR017590, 2015.765

Lawrence, D. M., Fisher, R. A., Koven, C. D., Oleson, K. W., Swenson, S. C., Bonan, G., Collier, N., Ghimire, B., van Kampenhout, L.,

Kennedy, D., et al.: The Community Land Model version 5: Description of new features, benchmarking, and impact of forcing uncertainty,

Journal of Advances in Modeling Earth Systems, 11, 4245–4287, 2019.

Lee, W. Y., Gim, H.-J., and Park, S. K.: Parameterizations of Snow Cover, Snow Albedo and Snow Density in Land Surface Models: A

Comparative Review, Asia-Pacific Journal of Atmospheric Sciences, pp. 1–26, 2023.770

Lejeune, Y., Dumont, M., Panel, J.-M., Lafaysse, M., Lapalus, P., Le Gac, E., Lesaffre, B., and Morin, S.: 57 years (1960–2017) of snow and

meteorological observations from a mid-altitude mountain site (Col de Porte, France, 1325 m of altitude), Earth System Science Data, 11,

71–88, 2019.

Libois, Q., Picard, G., France, J., Arnaud, L., Dumont, M., Carmagnola, C., and King, M.: Influence of grain shape on light penetration in

snow, The Cryosphere, 7, 1803–1818, 2013.775

Libois, Q., Picard, G., Arnaud, L., Dumont, M., Lafaysse, M., Morin, S., and Lefebvre, E.: Summertime evolution of snow specific surface

area close to the surface on the Antarctic Plateau, The Cryosphere, 9, 2383–2398, https://doi.org/10.5194/tc-9-2383-2015, 2015.

Martin, E. and Lejeune, Y.: Turbulent fluxes above the snow surface, Annals of Glaciology, 26, 179–183, 1998.

Melloh, R. A., Hardy, J. P., Davis, R. E., and Robinson, P. B.: Spectral albedo/reflectance of littered forest snow during the melt season,

Hydrological Processes, 15, 3409–3422, 2001.780

Ménard, C. B., Essery, R., Barr, A., Bartlett, P., Derry, J., Dumont, M., Fierz, C., Kim, H., Kontu, A., Lejeune, Y., Marks, D., Niwano, M.,

Raleigh, M., Wang, L., and Wever, N.: Meteorological and evaluation datasets for snow modelling at 10 reference sites: description of in

situ and bias-corrected reanalysis data, Earth System Science Data, 11, 865–880, https://doi.org/10.5194/essd-11-865-2019, 2019.

Menard, C. B., Essery, R., Krinner, G., Arduini, G., Bartlett, P., Boone, A., Brutel-Vuilmet, C., Burke, E., Cuntz, M., Dai, Y., et al.: Scientific

and human errors in a snow model intercomparison, Bulletin of the American Meteorological Society, 102, E61–E79, 2021.785

Mölders, N., Luijting, H., and Sassen, K.: Use of atmospheric radiation measurement program data from Barrow, Alaska, for evaluation and

development of snow-albedo parameterizations, Meteorology and Atmospheric Physics, 99, 199–219, 2008.

Morin, S., Lejeune, Y., Lesaffre, B., Panel, J.-M., Poncet, D., David, P., and Sudul, M.: An 18-yr long (1993–2011) snow and meteorological

dataset from a mid-altitude mountain site (Col de Porte, France, 1325 m alt.) for driving and evaluating snowpack models, Earth System

Science Data, 4, 13–21, https://doi.org/10.5194/essd-4-13-2012, 2012.790

Mortimer, C., Mudryk, L., Derksen, C., Luojus, K., Brown, R., Kelly, R., and Tedesco, M.: Evaluation of long-term Northern Hemisphere

snow water equivalent products, The Cryosphere, 14, 1579–1594, https://doi.org/10.5194/tc-14-1579-2020, 2020.

Mudryk, L., Mortimer, C., Derksen, C., Elias Chereque, A., and Kushner, P.: Benchmarking of SWE products based on outcomes of the

SnowPEx+ Intercomparison Project, EGUsphere, 2024, 1–28, 2024.

33

https://doi.org/10.5194/essd-2023-7
https://doi.org/10.5194/tc-11-1173-2017
https://doi.org/10.1002/2015WR017590
https://doi.org/10.5194/tc-9-2383-2015
https://doi.org/10.5194/essd-11-865-2019
https://doi.org/10.5194/essd-4-13-2012
https://doi.org/10.5194/tc-14-1579-2020


Niwano, M., Aoki, T., Kuchiki, K., Hosaka, M., and Kodama, Y.: Snow Metamorphism and Albedo Process (SMAP) model for climate795

studies: Model validation using meteorological and snow impurity data measured at Sapporo, Japan, Journal of Geophysical Research:

Earth Surface, 117, 2012.

Painter, T., Barrett, A., Landry, C., Neff, J., Cassidy, M., Lawrence, C., Mcbride, K., and Farmer, L.: Impact of disturbed desert soil on

duration of mountain snow cover, Geophys. Res. Lett, 34, https://doi.org/10.1029/2007GL030284, 2007.

Painter, T., Skiles, M., Deems, J., Brandt, W., and Dozier, J.: Variation in Rising Limb of Colorado River Snowmelt Runoff Hydrograph800

Controlled by Dust Radiative Forcing in Snow, Geophysical Research Letters, 45, https://doi.org/10.1002/2017GL075826, 2017.

Painter, T. H., Deems, J. S., Belnap, J., Hamlet, A. F., Landry, C. C., and Udall, B.: Response of Colorado River runoff to dust radiative

forcing in snow, Proceedings of the National Academy of Sciences, 107, 17 125–17 130, https://doi.org/10.1073/pnas.0913139107, 2010.

Pedersen, C. A. and Winther, J.-G.: Intercomparison and validation of snow albedo parameterization schemes in climate models, Climate

Dynamics, 25, 351–362, 2005.805

Picard, G., Dumont, M., Lamare, M., Tuzet, F., Larue, F., Pirazzini, R., and Arnaud, L.: Spectral albedo measurements over snow-covered

slopes: theory and slope effect corrections, The Cryosphere, 14, 1497–1517, 2020.

Qu, X. and Hall, A.: Assessing snow albedo feedback in simulated climate change, Journal of Climate, 19, 2617–2630, 2006.

Romanov, P.: Global Multisensor Automated satellite-based Snow and Ice Mapping System (GMASI) for cryosphere monitoring, Remote

Sensing of Environment, 196, 42–55, https://doi.org/10.1016/j.rse.2017.04.023, 2017.810

Réveillet, M., Dumont, M., Gascoin, S., Lafaysse, M., Nabat, P., Ribes, A., Nheili, R., Tuzet, F., Ménégoz, M., Morin, S., Picard, G.,

and Ginoux, P.: Black carbon and dust alter the response of mountain snow cover under climate change, Nature Communications, 13,

https://doi.org/10.1038/s41467-022-32501-y, 2022.

Sergent, C., Chevrand, P., Lafeuille, J., and Marbouty, D.: Caractérisation optique de différents types de neige. extinction de la lumiere dans

la neige, Le Journal de Physique Colloques, 48, C1–361, 1987.815

Skiles, M., Flanner, M., Cook, J., Dumont, M., and Painter, T.: Radiative forcing by light-absorbing particles in snow, Nature Climate Change,

8, https://doi.org/10.1038/s41558-018-0296-5, 2018.

Skiles, S. M., Painter, T. H., Deems, J. S., Bryant, A. C., and Landry, C. C.: Dust radiative forcing in snow of the Upper Colorado River

Basin: 2. Interannual variability in radiative forcing and snowmelt rates, Water Resources Research, 48, 2012.

Sturm, M. and Liston, G. E.: Revisiting the global seasonal snow classification: An updated dataset for earth system applications, Journal of820

Hydrometeorology, 22, 2917–2938, 2021.

Sturm, M., Goldstein, M. A., and Parr, C.: Water and life from snow: A trillion dollar science question, Water Resources Research, 53,

3534–3544, 2017.

Tutton, R., Darkin, B., Essery, R., Griffith, J., Hould Gosselin, G., Marsh, P., Sonnentag, O., Thorne, R., and Walker, B.: A hydro-

meterological dataset from the taiga-tundra ecotone in the western Canadian Arctic: Trail Valley Creek, Northwest Territories (1991-2023)825

(DRAFT VERSION), https://doi.org/10.5683/SP3/BXV4D, 2024.

Tuzet, F., Dumont, M., Lafaysse, M., Picard, G., Arnaud, L., Voisin, D., Lejeune, Y., Charrois, L., Nabat, P., and Morin, S.: A multilayer

physically based snowpack model simulating direct and indirect radiative impacts of light-absorbing impurities in snow, The Cryosphere,

11, 2633–2653, https://doi.org/10.5194/tc-11-2633-2017, 2017.

Tuzet, F., Dumont, M., Arnaud, L., Voisin, D., Lamare, M., Larue, F., Revuelto, J., and Picard, G.: Influence of light-absorbing particles on830

snow spectral irradiance profiles, The Cryosphere, 13, 2169–2187, https://doi.org/10.5194/tc-13-2169-2019, 2019.

34

https://doi.org/10.1029/2007GL030284
https://doi.org/10.1002/2017GL075826
https://doi.org/10.1073/pnas.0913139107
https://doi.org/10.1016/j.rse.2017.04.023
https://doi.org/10.1038/s41467-022-32501-y
https://doi.org/10.1038/s41558-018-0296-5
https://doi.org/10.5683/SP3/BXV4D
https://doi.org/10.5194/tc-11-2633-2017
https://doi.org/10.5194/tc-13-2169-2019


van Dalum, C. T., van de Berg, W. J., Libois, Q., Picard, G., and van den Broeke, M. R.: A module to convert spectral to narrowband snow

albedo for use in climate models: SNOWBAL v1. 2, Geoscientific Model Development, 12, 5157–5175, 2019.

Veillon, F., Dumont, M., Amory, C., and Fructus, M.: A versatile method for computing optimized snow albedo from spectrally fixed radiative

variables: VALHALLA v1. 0, Geoscientific Model Development, 14, 7329–7343, 2021.835

Verseghy, D. L.: CLASS—A Canadian land surface scheme for GCMs. I. Soil model, International Journal of Climatology, 11, 111–133,

1991.

Vionnet, V., Brun, E., Morin, S., Boone, A., Faroux, S., Le Moigne, P., Martin, E., and Willemet, J.-M.: The detailed snowpack scheme Crocus

and its implementation in SURFEX v7.2, Geoscientific Model Development, 5, 773–791, https://doi.org/10.5194/gmd-5-773-2012, 2012.

Vionnet, V., Guyomarc’h, G., Bouvet, F. N., Martin, E., Durand, Y., Bellot, H., Bel, C., and Puglièse, P.: Occurrence of blowing snow events840

at an alpine site over a 10-year period: Observations and modelling, Advances in water resources, 55, 53–63, 2013.

Vionnet, V., Verville, M., Fortin, V., Brugman, M., Abrahamowicz, M., Lemay, F., Thériault, J. M., Lafaysse, M., and Milbrandt, J. A.: Snow

Level From Post-Processing of Atmospheric Model Improves Snowfall Estimate and Snowpack Prediction in Mountains, Water Resources

Research, 58, e2021WR031 778, https://doi.org/10.1029/2021WR031778, e2021WR031778 2021WR031778, 2022.

Warren, S. G.: Optical properties of snow, Reviews of Geophysics, 20, 67–89, 1982.845

Warren, S. G. and Wiscombe, W. J.: A Model for the Spectral Albedo of Snow. II: Snow Containing Atmospheric Aerosols, Journal of

Atmospheric Sciences, 37, 2734 – 2745, https://doi.org/10.1175/1520-0469(1980)037<2734:AMFTSA>2.0.CO;2, 1980.

Woolley, G. J., Rutter, N., Wake, L., Vionnet, V., Derksen, C., Essery, R., Marsh, P., Tutton, R., Walker, B., Lafaysse, M., and Pritchard, D.:

Multi-physics ensemble modelling of Arctic tundra snowpack properties, EGUsphere, 2024, 1–37, 2024.

Yen, Y.-C.: Review of thermal properties of snow, ice, and sea ice, vol. 81, US Army, Corps of Engineers, Cold Regions Research and850

Engineering Laboratory, 1981.

Zhao, M., Golaz, J.-C., Held, I. M., Guo, H., Balaji, V., Benson, R., Chen, J.-H., Chen, X., Donner, L. J., Dunne, J. P., Dunne, K., Durachta,

J., Fan, S.-M., Freidenreich, S. M., Garner, S. T., Ginoux, P., Harris, L. M., Horowitz, L. W., Krasting, J. P., Langenhorst, A. R., Liang, Z.,

Lin, P., Lin, S.-J., Malyshev, S. L., Mason, E., Milly, P. C. D., Ming, Y., Naik, V., Paulot, F., Paynter, D., Phillipps, P., Radhakrishnan, A.,

Ramaswamy, V., Robinson, T., Schwarzkopf, D., Seman, C. J., Shevliakova, E., Shen, Z., Shin, H., Silvers, L. G., Wilson, J. R., Winton,855

M., Wittenberg, A. T., Wyman, B., and Xiang, B.: The GFDL Global Atmosphere and Land Model AM4.0/LM4.0: 1. Simulation Char-

acteristics With Prescribed SSTs, Journal of Advances in Modeling Earth Systems, 10, 691–734, https://doi.org/10.1002/2017MS001208,

2018.

35

https://doi.org/10.5194/gmd-5-773-2012
https://doi.org/10.1029/2021WR031778
https://doi.org/10.1175/1520-0469(1980)037%3C2734:AMFTSA%3E2.0.CO;2
https://doi.org/10.1002/2017MS001208

