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Abstract. This study enhances the snow model of the Canadian Land Surface Scheme including Biogeochemical Cycles
(CLASSIC), with a particular focus on Arctic environments. Key snow model physics improvements include adjustments to
the thermal conductivity at the top of the first soil layer, a revised computation of the temperature at the snow—soil interface
(hereafter, bottom snow temperature), and the addition of a windless exchange coefficient in sensible heat flux calculations.
Arctic-specific adaptations include blowing-snow sublimation losses, a new snow compaction scheme, and snow thermal con-
ductivity parameterization. Evaluations at seven mid-latitude and alpine sites (SnowMIP sites) and three Arctic sites (Bylot
Island, Umiujaq, and Trail Valley Creek) show that these enhancements improve the overall simulated snowpack characteris-
tics and soil temperatures across both SnowMIP and Arctic sites. The revised bottom snow temperature yields better agreement
between simulated and observed snow and bottom snow temperatures. The new windless exchange coefficient reduced the sur-
face temperature RMSE from 3.50 °C to 1.93 °C on average across all sites. The improved snow compaction scheme reduces the
snow depth biases from 12.0 cm to 0.1 cm on average across the Arctic sites and improves the simulated snow densities while
not degrading the overall model performance at the SnowMIP sites. Blowing-snow sublimation had a negligible effect at most
sites, except at the wind-exposed sites of Umiujaq, Trail Valley Creek, and Senator Beck, decreasing snow depth on average by
2-4 cm. Adding a new snow thermal conductivity parameterization—combined with all previous developments—reduces the
RMSE of the simulated soil temperatures from 5.3 °C to 3.0 °C on average at all Arctic sites. Our new developments demon-
strate the ability of a single-layer snow model to reasonably reproduce Arctic bulk snowpack characteristics, while maintaining
good performance at the SnowMIP sites. Inherent uncertainties remain in the forcing datasets, especially due to the harsh

Arctic environment characterized by strong winds, snow redistribution, frost, and polar night. Future model developments will
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focus on spatial-scale simulations across the whole Arctic, with particular attention to snow cover fraction parameterizations

to better capture sub-grid-scale spatial heterogeneity in Arctic environments.

1 Introduction

During winter, snow covers up to 40 % of the Northern Hemisphere (NH) land surface, predominantly in mid- to high-latitude
regions (Robinson and Frei, 2000; Lemke et al., 2007). Its presence and characteristics profoundly impact regional and global
climate dynamics (e.g., Vernekar et al., 1995; Xu and Dirmeyer, 2011; Cohen et al., 2012), as snow plays a critical role
in land-atmosphere interactions, particularly due to its high albedo, which reflects a large portion of incoming shortwave
radiation (Flanner et al., 2011). Due to its low thermal conductivity, snow insulates the underlying soil in winter, which strongly
influences the soil temperature regime and thus the thermal state of permafrost and its carbon balance (Groffman et al., 2001;
Zhang, 2005; Vavrus, 2007; Cook et al., 2008; Gouttevin et al., 2012; Park et al., 2015; Campbell and Laudon, 2019; Mavrovic
etal., 2023). In addition, snow influences the ecosystems by protecting low vegetation in winter from frost damage (Sturm et al.,
2001), conditioning the springtime onset of the growing season (Pulliainen et al., 2017), and affecting Arctic animals such as
caribou and lemmings (e.g., Domine et al., 2018b; Pedersen et al., 2021). It also significantly contributes to the hydrological
cycle in cold regions, where its accumulation and melt control the timing and magnitude of spring runoff, impacting water
resources and ecosystem dynamics (e.g., Barnett et al., 2005; Bring et al., 2016).

Climate change is altering snow conditions, particularly in the Arctic regions, which are warming significantly faster than
the global average (Stuecker et al., 2018; Rantanen et al., 2022). These changes affect the hydrological cycle, infrastruc-
tures, and ecosystems (Bokhorst et al., 2016; Bring et al., 2016), and may trigger interconnected but asynchronous state shifts
among northern ecosystem components, including snowpack, vegetation, permafrost, lakes, and peatlands (Saulnier-Talbot
et al., 2024). Carbon stocks in the Arctic permafrost are important because they contain nearly twice as much carbon as the
atmosphere, and their thawing could release large amounts of greenhouse gases, amplifying climate change (Schuur et al.,
2022). This stresses the need to better simulate carbon fluxes of these ecosystems in response to climate change, including the
snow cover, which affects these fluxes through its impacts on soil thermal and hydrological conditions and on gas diffusion
between the soil and the atmosphere (Natali et al., 2019; Miner et al., 2022; Mavrovic et al., 2023, 2025). Noticeable reductions
in global snow mass and extent have been documented over the last decades, albeit with marked regional variability (Liston
and Hiemstra, 2011; Pulliainen et al., 2020; Mohammadzadeh Khani et al., 2022), and are projected to continue into the 21st
century (Bring et al., 2016; Mudryk et al., 2018, 2020). It is therefore crucial to adequately simulate snow cover across all en-
vironments, particularly in the Arctic, where amplified warming and the vulnerability of substantial permafrost carbon stocks
pose significant climate feedback risks (e.g., Burke et al., 2017; Comyn-Platt et al., 2018; Yokohata et al., 2020).

Snow models have been developed with varying degrees of complexity depending on the intended application (e.g., Mag-
nusson et al., 2015; Terzago et al., 2020). Land surface models (LSMs) embedded in general circulation models (GCMs)
include snow schemes varying from simple single-layer snow models (Manabe, 1969; Verseghy, 1991; Douville et al., 1995)

to medium-complexity multi-layer ones taking into account additional processes such as snow compaction, water percolation,
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and refreezing (e.g., Loth et al., 1993; Lynch-Stieglitz, 1994; Sun et al., 1999; Boone and Etchevers, 2001; Dai et al., 2003;
Yang and Niu, 2003; Xue et al., 2003; Dutra et al., 2010; Shrestha et al., 2010; Best et al., 2011; Wang et al., 2013; Decharme
et al., 2016). However, most of these models have been designed for alpine snowpacks and do not adequately simulate Arctic
snowpack characteristics (Domine et al., 2019).

Arctic snowpacks are exposed to extreme weather conditions with low precipitation, cold temperatures, and high wind speeds
over exposed landscapes. This results in a shallow snowpack shaped by wind-induced compaction of the upper layers, forming
a dense “wind slab” at the top of the snowpack. Meanwhile, strong vertical temperature gradients arise within the snowpack—
especially during autumn, when unfrozen soils coexist with very cold air temperatures—inducing an upward moisture flux
leading to the formation of depth hoar in the lower part of the snowpack with low-density and large snow grain size (Sturm
etal., 1997; Domine et al., 2015, 2016; Gouttevin et al., 2018). In contrast, snowpacks in mid-latitude alpine environments are
generally thicker and characterized by smaller vertical temperature gradients, such that compaction of the lower snow layers
under the weight of the overlying snow becomes the dominant process. Consequently, even the most detailed snow models
developed for alpine environments, such as Crocus (Vionnet et al., 2012), SNOWPACK (Bartelt and Lehning, 2002; Lehning
et al., 2002b, a), and SnowModel (Liston et al., 2020), fail in simulating the vertical profile of snow properties in Arctic
snowpacks (e.g., Barrere et al., 2017; Gouttevin et al., 2018; Royer et al., 2021b).

Solutions have been explored, such as introducing explicit moisture fluxes within the snowpacks (e.g., Jafari et al., 2020;
Simson et al., 2021; Jafari et al., 2022; Brondex et al., 2023). However, this option is still under exploration, as it presents
significant challenges related to computational scheme and cost arising from the complexity of coupling the moisture fluxes
with snowpack dynamics and thermodynamics. Alternatively, modifications have been introduced to overcome the lack of
water vapor transport, such as increasing the maximum density of wind-induced snow compaction of the upper snowpack
layers and reducing the density of the lower layers. This considerably improved the simulated density profiles and made them
more comparable to observations at site scales (e.g., Barrere et al., 2017; Gouttevin et al., 2018; Royer et al., 2021b; Lackner
et al., 2022; Woolley et al., 2024). However, these modifications remain site-specific, having often been calibrated to one or a
few Arctic sites, and have not been designed for global applicability.

Whether multiple snow layers are needed to accurately simulate bulk snowpack properties and the thermal regime of under-
lying soil in climate models, and if so, how many, remains an open question in the snow modeling community. Evaluations from
the Snow Model Intercomparison Project (SnowMIP) have shown no simple relationship between overall model complexity
and performance, and some single-layer schemes can perform comparably to substantially more detailed models for bulk snow
properties (e.g., Brown et al., 2006; Etchevers et al., 2004; Krinner et al., 2018; Menard et al., 2021). Conversely, controlled
sensitivity studies have shown that increasing the number of snow layers can improve the representation of internal mass and
energy transfer, snowmelt, and snowpack temperature, although the magnitude of these improvements depends on the model
formulation, snow conditions, and target variables (e.g., Essery et al., 2013; Augas et al., 2020; Cristea et al., 2022). Domine
et al. (2019) further showed with an ideal snow modeling case study that as long as the bulk thermal resistance of the snow-
pack is well simulated, having an inverted density profile has little impact on ground and surface temperatures (averaged over

several days). However, Gouttevin et al. (2018) and Royer et al. (2021b) showed that the adaptations made to simulate Arctic
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snowpacks in Crocus and SNOWPACK tended to modify the bulk snow density and thermal conductivity, thus impacting soil
temperatures.

The Canadian Land Surface Scheme including Biogeochemical Cycles (CLASSIC; Melton et al., 2020; Seiler et al., 2021) is
the LSM used within the Canadian Earth System Model (CanESM; Swart et al., 2019) used for climate change impact assess-
ments (e.g., Eyring et al., 2016; IPCC, 2021; Mudryk et al., 2020). CLASSIC includes a one-layer snow model that demon-
strates comparable performance to the most detailed snow models in terms of bulk snow properties according to SnowMIP
(Etchevers et al., 2004; Krinner et al., 2018; Menard et al., 2021). Although CLASSIC uses a single prognostic snow layer, an
assumed quadratic internal temperature profile provides an indirect representation of its vertical thermal structure. Nevertheless,
diagnosing snow thermal conductivity directly from bulk density may constitute an intrinsic limitation for strongly stratified
snowpacks, such as Arctic snowpacks, because the density—conductivity relationship is nonlinear. Moreover, the SnowMIP
evaluation sites do not include representative Arctic sites—apart from Sodankyld in Finland (67.368° N; Essery et al., 2016),
which lies at the border of the boreal forest but is not characterized by typical Arctic snowpack conditions. Therefore, evaluat-
ing the CLASSIC snow model at Arctic sites is crucial in order to ascertain whether its simple single-layer snow scheme can
capture key snowpack processes in this environment.

This study aims to evaluate and improve the current 1D physics of the CLASSIC snow model worldwide, with a particular
focus on the Arctic, using offline land simulations driven by observed meteorological forcing at seven SnowMIP sites and
three additional Arctic sites. We aim to address the following questions: (1) Can a single-layer snow model reproduce the bulk
characteristics of Arctic snowpacks? (2) What effect do the adaptations for Arctic conditions have on the model performance
elsewhere (e.g., mid-latitude Alpine snowpacks)? (3) How do those adaptations impact the simulated soil temperatures and
carbon fluxes? The data and methods are presented in Sect. 2. The results are presented in Sect. 3, and discussed in Sect. 4.

The conclusion is presented in Sect. 5.

2 Data and Methods
2.1 SnowMIP and Arctic sites

CLASSIC requires the following seven meteorological forcings: incoming short- and long-wave radiation, near-surface air
temperature, wind speed, specific humidity, total precipitation rate (and optionally snowfall rate), and air pressure. Both total
precipitation and snowfall rates were prescribed at all sites to minimize uncertainties related to snow accumulation. The quality-
controlled and standardized SnowMIP data are used, which combine meteorological forcings and snow measurements such as
snow depth, snow water equivalent, albedo, surface and soil temperatures, depending on sites (Krinner et al., 2018; Ménard
et al., 2019; Menard et al., 2021). Additionally, three Arctic sites are considered in this study: Bylot Island (Domine et al.,
2021a), Umiujaq TUNDRA (Domine et al., 2024b), and Trail Valley Creek (Dutch et al., 2022) (Fig. 1). The boreal SnowMIP
sites (Old Aspen, Old Black Spruce, and Old Jack Pine) are excluded from our study because of the uncertainties due to snow
canopy processes, which are out of the scope of this work. All sites are described in Table 1. More information about site

initialization and variables is available in the Supplement Tables S1, S2, and S3.
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Figure 1. Map showing the locations of the SnowMIP (red; cdp: Col de Porte, rme: Reynolds Mountain East, snb: Senator Beck, swa:
Swamp Angel, sap: Sapporo, sod: Sodankyld, wfj: Weissfluhjoch) and Arctic sites (blue; byl: Bylot Island, umt: Umiujaq TUNDRA, tvc:
Trail Valley Creek) with the Natural Earth background (license: public domain). Site elevations are indicated in brackets. See Table 1 for

further information about the sites.

The relative humidity at Umiujaq and TVC was converted to specific humidity as an input for CLASSIC (see Sect. 2 of
the Supplement). The data from Umiujaq FOREST were not used because of the uncertainties related to snow trapping by tall
vegetation (tall shrubs and black spruce) (Domine et al., 2024b). At the Umiujaq TUNDRA, soil data are available separately
for the shrub and lichen subareas but were averaged here, as the snow measurements and meteorological forcing are based on a
single location between the two subareas. To best match the observations, the plant functional type at this site was prescribed in
the model as 50 % broadleaf deciduous cold shrub (Betula glandulosa) and 50 % bare soil, as lichen is not currently represented
as a plant functional type in CLASSIC (Table S1). At all Arctic sites, a fibric peat layer (Letts et al., 2000) was prescribed in
the uppermost soil layer (top 10 cm) to partially alleviate the absence of explicit lichen and moss representations in CLASSIC
and to mimic the insulating properties of the lichen or moss layers present at these sites. This imperfect solution is further
discussed in Sect. 4.6. The thickness of the peat layer (10 cm) was set to best match the observed amplitude of summer soil
temperatures and soil water content (not shown). When needed, the simulated soil variables (soil temperature and soil water
content) were linearly interpolated to the first observational measurement depth greater than or equal to 5 cm (corresponding
to the center of the first model soil layer) for comparison with observations.

At TVC, the dataset used in Woolley et al. (2024) was not publicly available at the time of this study; therefore, we relied
on the forcing data from Dutch et al. (2022), which span a two-year period and include precipitation corrected for gauge
undercatch following Pan et al. (2016). As only total precipitation was provided, rainfall and snowfall rates were estimated
using the suggested temperature threshold of 1 °C from Woolley et al. (2024). This temperature-based rain—snow partitioning
may introduce uncertainties, especially for mixed-phase events or precipitation occurring near the threshold temperature (e.g.,
Dai, 2008; Harder and Pomeroy, 2014; Feiccabrino et al., 2015; Jennings et al., 2018; Jennings and Molotch, 2019). The station

location itself may act as a local snow accumulation zone, leading to measured snow depths that are likely larger than those
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representative of the surrounding tundra (Brampton Dakin and Georgina Woolley, personal communication, 2023). Despite
the prior gauge-undercatch correction, the initial simulated snow depth was too low and the snow density was underestimated
relative to snow-pit measurements. We therefore adjusted the snowfall rate in Dutch et al. (2022) to match the snow depth at
peak snow accumulation in our simulations including our new Arctic snow model developments (corresponding to a scaling
of the snowfall rates by a factor of two; Fig. Sla—d blue and green lines in Sect. 3 of the Supplement), which will be further
discussed in Sect. 4.5. The updated dataset used in Woolley et al. (2024) is expected to provide improved forcing data and may
help resolve these snowfall rate uncertainties in future studies.

The precipitation at Umiujaq was measured only from 2016 onward, and ERAS5 data are used prior to that (Domine et al.,
2024b). Therefore, only the period after 2016 is considered for the model evaluation. The albedo at the Arctic sites can be
retrieved from the incoming and outgoing shortwave radiation measurements. However, due to frost-related issues with the in-
struments, some data are inaccurate and gap-filled, often leading to unrealistic values; therefore, the simulated albedo will not
be assessed against observations at those sites. All data provided are quality-controlled and use snowfall wind undercatch cor-
rections (Ménard et al., 2019; Domine et al., 2021a, 2024b; Dutch et al., 2022). Further in-depth discussion on the measurement

uncertainties is addressed in Sect. 4.5. The snow depth time series at all sites are shown in Fig. Al.
2.2 CLASSIC and model developments

This study introduces three snow model physics improvements: (1) a correction of the computation of the thermal conductivity
at the top of the first soil layer (Sect. 2.3.1), (2) a revised computation of the bottom snow temperature (Sect. 2.3.2), and (3) the
addition of a windless exchange coefficient within the sensible heat flux calculation (Sect. 2.3.3). Furthermore, three Arctic-
specific snowpack adaptations are proposed: (1) the inclusion of blowing-snow sublimation losses (Sect. 2.4.1), (2) a revised
compaction scheme (Sect. 2.4.2), and (3) a modification of the snow thermal conductivity parameterization (Sect. 2.4.3). All

details about the code implementation are available in Sect. 4 of the Supplement.
2.2.1 General model description

In this study, we use the Canadian Land Surface Scheme Including Biogeochemical Cycles (CLASSIC v1.8; Melton et al.,
2020) that is based on the coupled Canadian Land Surface Scheme (CLASS; Verseghy et al., 2017) and the Canadian Terrestrial
Ecosystem Model (CTEM; Melton and Arora, 2016). The physical component (formerly CLASS) operates at a time step of up
to 30 minutes and includes 20 soil layers up to 61 m depth. The vertical energy and water fluxes are modeled separately for four
subareas in each grid cell: vegetated, bare soil, vegetated with snow cover, and bare soil with snow cover. The biogeochemistry
component (formerly CTEM) provides the model physics with dynamically simulated vegetation structural attributes—such
as leaf area index (LAI), vegetation height, and rooting depth. The model represents vegetation using twelve plant functional
types (PFTs) for biogeochemical processes (including three PFTs—sedges and evergreen/cold-deciduous shrubs—introduced
by Meyer et al. (2021) in addition to the 9 PFTs used in CLASSIC v1.0), which are aggregated into five PFTs for the physical

component.
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2.2.2 Snow model description

Snow in CLASSIC is modeled as a single layer, with thermal properties distinct from the underlying soil. A fitted quadratic
temperature curve is assigned within the snow layer as a first-order method of accounting for the characteristic sharp near-
surface temperature gradient in snowpacks. The snow albedo decreases, and the snow density increases exponentially with
time from fresh snow values according to empirically derived functions (Brown et al., 2006; Verseghy et al., 2017). The fresh
snow density is determined as a function of the air temperature (Pomeroy and Gray, 1995). The snow thermal conductivity is
derived from the snow density (Sturm and Benson, 1997). Melting of the snow layer can occur either from above (in response
to surface energy fluxes) or from below (in response to conduction from the underlying soil); if melting occurs at the top,
percolation and refreezing of meltwater in the snowpack occur until the snow is isothermal at 0 °C, after which meltwater can
infiltrate into the soil. Water retention in snowpacks is taken into account (Bruce and Clark, 1966). The interception of snowfall
by vegetation is explicitly modeled, with the interception capacity depending on the vegetation leaf area index (Hedstrom and
Pomeroy, 1998; Bartlett et al., 2006; Bartlett and Verseghy, 2015). The snow cover fraction (SCF) is considered complete

(100 %) when the average snow depth (dy) reaches 0.1 m. When d; is lower than this threshold, the SCF is calculated as 51.51

and d; is reset to 0.1 m over the subfraction covered by snow (following snow mass conservation). More details on the previous
CLASS snow model developments and evaluations are available in Bartlett et al. (2006); Brown et al. (2006); Langlois et al.
(2014); and Verseghy et al. (2017).

2.3 Snow model: physics improvements
2.3.1 Thermal conductivity at the top of the first soil layer

In CLASSIC, the effective thermal conductivity at the top of the first soil layer (A\g) below the snowpack is computed as the

harmonic mean of the thermal conductivity at the top of the first soil layer (\; ;) and that of the snowpack () as follows:

1

As

ALt
However, when snow cover is partial (0 < SCF < 100 %), Eq. 1 was applied uniformly across all grid-cell subareas, in-
cluding both snow-covered and snow-free fractions. As a result, the effective thermal conductivity at the top of the first soil
layer over snow-free areas was underestimated, leading to an overestimated insulating effect under snow-free conditions when
SCF <100 %. This issue was corrected in this study: Eq. 1 is applied only to snow-covered subareas, while Ao = A; ¢ is

prescribed for snow-free subareas. More details are available at: https://gitlab.com/cccmal/classic/-/issues/119 (last access: 10
October 2025).

2.3.2 Bottom snow temperature

The bottom snow temperature T ,—defined as the temperature at the interface between the snowpack and the soil—was

estimated as an average of the first soil layer 77 and snow 7 temperature weighted by their depth d; and ds respectively,
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as follows (https://gitlab.com/cccma/classic/-/blob/CLASSICv1.0/src/snowTempUpdate.fo0?ref_type=tags#L.139; last access:
10 October 2025):

Tsp= M (2)
ds+dy

This bottom snow temperature serves as the boundary condition for computing the ground heat flux and then updating
the snow and soil temperatures via the quadratic temperature profile (https://cccma.gitlab.io/classic/snowTempUpdate_890.
html and https://cccma.gitlab.io/classic/soilHeatFluxPrep_8f90.html, last access: 10 October 2025). However, this equation
tended to underestimate the simulated bottom snow temperature and induce an overestimated snow temperature compared
to observations (see results in Sect. 3.2.2). Indeed, as the snowpack thickens, its insulating effect increases; as a result, the
bottom snow temperature becomes less influenced by the snowpack’s bulk (average) temperature and instead approaches the
temperature of the underlying soil layer (fixed thickness of 10 cm). The underestimated simulated bottom snow temperature
induces, in turn, an overestimated conductive heat flux from the soil into the snowpack (especially at the beginning of the
winter). A better option was implemented by weighting the soil and snow temperatures with the inverse depth of the snow and

soil layers, respectively (improved results are presented in Sect. 3.2.2 and Appendix B):

T, N
4,

2.3.3 Windless exchange coefficient

Brown et al. (2006) reports that “a number of studies have shown that the traditional Monin-Obukhov similarity theory is unable
to explain turbulent energy exchanges over snow and ice surfaces under stable atmospheric conditions (King, 1990; Morris
et al., 1994; Yen, 1995; Martin and Lejeune, 1998). Under these conditions, turbulence does not shut down completely and
is characterized by intermittent bursts. [...] This has prompted a range of solutions, including the introduction of a “windless
transfer coefficient” into sensible heat calculations (Jordan et al., 1999)”. For a comprehensive review of this issue, see Sect. 4e
of Brown et al. (2006). This deficiency led to a cold bias in simulated snow surface temperatures, particularly during nighttime
temperature inversions, reaching up to about 10 °C in CLASS v3.1 (Fig. 11 of Brown et al. (20006), thin solid line). A similar
behavior was observed in CLASSIC at most SnowMIP sites (not shown), resulting in an average cold bias of approximately
2 °C in daily simulated snow surface temperature (see results in Sect. 3.3.2). Brown et al. (2006) alleviated this bias by

introducing a windless transfer coefficient (Ey) into the sensible heat flux formulation (Q)f) as follows:
QH = (pairCPCHU+EO) (Ts _90,)7 (4)

where p,;; is the density of air (kg m~3), cp is the specific heat capacity of air (set to 1.00464-103 J kg—! K~! in CLASSIC),
Cy is the surface drag coefficient (unitless), U the wind speed at reference height (m s~1), T} the surface temperature (K),
and 6, the potential air temperature at the reference height (K). Ej is set to 2 W m~2 K~! when 7T, < 6, (i.e., for atmospheric

stable condition) and 0 W m~2 K~ otherwise. This correction is applied only over non-vegetated subareas. Following Brown
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https://cccma.gitlab.io/classic/snowTempUpdate_8f90.html
https://cccma.gitlab.io/classic/soilHeatFluxPrep_8f90.html
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et al. (2006)’s study, this windless transfer coefficient was not activated by default in CLASSIC, as it was tested at only a

limited number of sites. The present study extends this evaluation to the selected SnowMIP and Arctic sites.
2.4 Snow model: Arctic adaptations
2.4.1 Blowing-snow sublimation losses

The blowing-snow sublimation loss parameterization of Gordon et al. (2006) is implemented. It computes the blowing-snow
sublimation rate as a function of near-surface meteorological conditions when the wind speed exceeds the threshold for
snow transport. This empirical formulation was derived by averaging sublimation rates from several existing models and
parameterizations—including the Prairie Blowing Snow Model (PBSM; Pomeroy et al., 1993). The total sublimation rate Q)

[kg m~2 s~ !] is defined as:

T 4 U 3.6
Q. =0.0018 (TO ) Uy pagsi (1 — RH;) (UEO) . for Uy > Uy and Ty < Tp, (5)
air t
with:
U; = 6.98 +0.0033 (Ty; — 245.88)° (6)

where U, [m s~'] is the threshold wind speed at 10 m for the initiation of blowing snow, T%;: is the near-surface air temper-
ature [K], T} is the freezing point of water (defined as 273.16 °K in CLASSIC), p,, is the density of air [kg m~3], g is the
saturation specific humidity of ice at reference height [kg kg='], RH; is the relative humidity with respect to ice [fraction],
Uy is the wind speed at 10 m above the snow surface [m s~']. This equation is applied only to bare-ground subareas covered
with snow (i.e., to bare ground and to subareas where snow buries vegetation). The blowing-snow sublimation losses from the

intercepted snow on the canopy are not considered.
2.4.2 Snow compaction

The aim of modifying the compaction scheme is to represent first-order Arctic snow densification processes, including depth
hoar and wind slab formation, in a “bulk” approach. Initial results revealed that CLASSIC tended to underestimate snow density
and overestimate snow depth at the Arctic sites (see results in Sect. 3.2.3). Indeed, Arctic snowpacks tend to be characterized
by shallow snow depth (usually less than 0.5 m) composed of a low-density depth hoar layer (~ 250 kg m~?2) overlain with
denser wind slabs (>300 kg m~?), while the average bulk snow densities tends to have high values ranging from about 250
to 400 kg m~—3 (e.g., Gouttevin et al., 2018; Domine et al., 2021a; Royer et al., 2021a). Consequently, several parameters
controlling snow compaction—such as fresh snow density, maximum snow density, and compaction rate—can be adjusted to

better represent Arctic bulk snow densities.

10



260

265

270

275

280

285

Fresh snow density

CLASSIC’s fresh snow density p; is based on the equations of Pomeroy and Gray (1995) and Pomeroy et al. (1998) for

temperatures above and below 0 °C respectively:

T.
67.92 +51.25exp ({g;) . T <0°C,

min(200, 119.17 +20.0Ty), Tar > 0°C.

pi = (7

New parameterizations such as the ones based on CROCUS (Vionnet et al., 2012), SNOWPACK (Lehning et al., 2002b),
or SnowTran-3D (Liston et al., 2007) based on relative humidity, (wet-bulb) air temperature, and/or wind speed were tested,
including their “Arctic-tuned” versions (e.g., Royer et al., 2021b; Walter et al., 2024). However, none of those new, fresh
snow density equations brought significant improvements over time in CLASSIC at the Arctic sites, and they worsened its
performance at the SnowMIP sites (not shown). Indeed, they mostly increase the fresh snow density at the start and end of the
season for the Arctic sites when air temperatures are in the range of -10 to 0 °C, but have a negligible impact over most of the
snow season, because the temperature term dominates over the wind term under very cold (below -20 to -30 °C) conditions. So

Eq. 7 was kept unchanged in this study despite its non-consideration of the wind speed.
Maximum snow density

The snow density p, in CLASSIC increases exponentially towards a maximum snow density p,,,x as follows:

0.01A¢
s t 1) = t) — max - max s
ps(t+1)=[ps(t) —p }exp< 3600 )+p ()
with:
204.7 [ ds \] o
Pmax = 450 — . _1.0 — exp <_0673) for Ty, < 0°C and, ®
204.7 [ ds \]
= — 1.0 — — for T, =0° 1
Pmax = 700 | 0 exp< 0.673)_ or Ty, =0°C, (10)

where d; is the snow depth [m], T the snow temperature [°C], and At the model time step [s]. The maximum snow density
formulations are based on Tabler et al. (1990), with additional temperature threshold and enhanced settling rates determined
empirically (Brown et al., 2006, unpublished manuscript, 2001). However, the maximum snow density values for dry snow
(Eq. 9) do not reflect actual measured snow densities in Arctic environments under strong wind conditions, where values can
reach 250-400 kg m~2 for thin snowpacks (< 1 m) (e.g., Domine et al., 2021a; Royer et al., 2021a). Indeed, those observed
values are above the maximum snow density defined by Brown et al. (2006): e.g., 235.4 kg m~3 for a typical Arctic snowpack
height of 50 cm (Fig. 2, shaded blue curve). The following equations are thus proposed to take into account the effect of wind

on the maximum snow density for dry snow:

204. ds
Prmax = 430 — (zl 7 {1,0 — exp <O 673)] forT, <0°Cand U < 2.5 ms ™! (= Pro wina) and, (11)
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(ds - d0)2

Pmax = Pno wind + (pwind — Pno wind) exXp l:_ :| for Ts < OOC and U Z 25 ms—l

202
204.7 [ dy \] U (ds = do)?
=430 — 1.0 - - 1—|1- — —— 12
-2 -l ()l 4522} -
with:
204.7 [ ds \] U
wind = 430 — 1.0 — - —— . 13
Pwind = 43 4 | eXp( 0.673)_@@( Uo) (13)

where U is the wind speed at 2 m above the snowpack [m's ~'], Uy =2.5ms ~! (or 3.5 m s ~! for the TVC adjusted
version; see Sects. 2.5 and 2.6), dyp = 0.8 m, and ¢ = 1.0 m. The constant 450 is reduced to 430 to better fit the observations
across all sites, given the increased wind compaction during wind events. The wind-induced compaction is only applied over
the bare ground subfraction (i.e., over non-vegetated subareas and/or when the snow entirely buries the vegetation) as we
consider that there is no further snow compaction within the canopy—vegetation reduces near-surface wind exposure and
can therefore limit wind-driven snow redistribution and densification within the canopy (e.g., Lackner et al., 2022), although
vegetation—snow—wind interactions may involve more complex relationships that are not explored in the present study. Over the
vegetated subarea ppo wing (Eq. 11) is maintained regardless of the wind speed. We adjust the wind speed provided at specific
measurement heights to 2 m above the snowpack in the model using a logarithmic wind profile (Sect. 5 in the Supplement).
For wet snow, Eq. 10 is kept unchanged.

Figure 2 shows Egs. 9 (shaded blue), 11 (blue), 12 (red), and 13 (green) for different wind speed and Uy values. The wind-
induced compaction term (Eq. 13; green curves) increases the snow density for thin snowpacks proportionally to the wind
speed. However, it also affects thick snowpacks, where gravitational and metamorphic compaction dominate over wind effects,
and, when used as is, it degrades model skill at SnowMIP sites (not shown). Eq. 12 (red curves) introduces a Gaussian formula
that peaks around an optimized value of 80 cm towards this wind-induced compaction term pying (Eq. 13) and tends towards
Pno wind (Eq. 11) for values lower and higher than 80 cm of snow depth. This enables the indirect consideration of depth hoar in
very thin snowpacks, while affecting less snowpacks with a thickness greater than 2 to 3 m. This semi-empirical formulation
primarily represents wind-induced densification while accounting, at the bulk scale, for the contrasting contributions of low-
density basal depth hoar and denser upper wind-slab layers. It is not intended to explicitly represent the physical processes

governing the formation and evolution of these layers.
Compaction rate

Alternatively, the compaction rate could also be increased, either alone or in combination with increasing the fresh snow density
and/or the maximum snow density (e.g., Royer et al., 2021b; Woolley et al., 2024). However, no further improvements were
observed compared to increasing the maximum snow density alone, which can indirectly account for these processes. This will

be further discussed in Sect. 4.4.
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Figure 2. Maximum snow density with respect to snow depth for dry snow of Eqgs. 9 (shaded blue), 11 (blue), 12 (red), and 13 (green). The
solid and dashed green lines represent wind speeds of 2.5 and 10 m s~ * respectively, as an example. The thick and thin red and green lines

represent, respectively, the U values of 2.5 and 3.5 m s~ * optimized without or with TVC (see Sects. 2.5 and 2.6).

2.4.3 Snow thermal conductivity
The current CLASSIC snow thermal conductivity parameterization is based on Sturm and Benson (1997):

0.234 x 103 p, +0.023, ps < 156 kgm 3,
As = (14)
3.233x 107692 —1.01 x 103 p, +0.138, p, > 156 kgm 3,

with )\, the snow thermal conductivity [W m~! K~!], and p, the snow density [kg m~3]. We propose a more recent

formulation based on Calonne et al. (2011):
A =2.5x107%p% —1.23 x 107% p, +0.024, (15)

This new parameterization has the advantage of having been calibrated using high-resolution three-dimensional images of
snow microstructure, covering a wide range of seasonal snow types, including wind slabs and depth hoar samples formed
under controlled temperature-gradient conditions. However, it does not include natural Arctic depth-hoar samples representa-
tive of strongly stratified tundra snowpacks. The sample size in Calonne et al. (2011) is smaller than in Sturm et al. (1997),
whose dataset includes a larger number of high-latitude snow samples. Nevertheless, the Calonne et al. (2011) approach pro-
vides a more physically based and potentially more reliable estimate of thermal conductivity by directly resolving the three-
dimensional microstructural geometry. In contrast, the Sturm et al. (1997) relationship is based on heated-needle-probe mea-

surements, which are subject to known methodological limitations and may substantially underestimate thermal conductivity,
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particularly for fragile and highly anisotropic depth hoar (Fourteau et al., 2022). Although grouped with the Arctic adaptations,
the Calonne et al. (2011) parameterization is not intrinsically Arctic-specific. It was evaluated at this stage because its thermal
effects could be better constrained at the Arctic sites, where soil temperatures exhibit larger winter amplitudes, and only after

obtaining reasonable snow depth, SWE, and bulk density to limit potential compensating biases in snow thermal resistance.
2.5 Simulation setup

This study uses CLASSIC v1.8 (Melton et al., 2020) in a 1D point-scale configuration. In practice, strictly point-scale simu-
lations are somewhat idealized, given that the meteorological forcing data and validation measurements cover different areas
around the stations, and the spatial footprint of each sensor varies. We therefore prescribed soil properties, vegetation cover,
and other site characteristics to be as representative as possible of the area surrounding the measurement sensors. CLASSIC
point-scale simulations are treated similarly to single-grid-cell simulations, allowing fractional vegetation cover and separate
surface energy and water balances over different subareas, including snow-covered and snow-free fractions. The snow cover
fraction parameterization was kept active and follows a linear relationship between 0 and 10 cm snow depth, as further dis-
cussed in Sect. 4. However, the presence of snow at the scale of a snow depth sensor is effectively binary; consequently, this
introduces uncertainties when comparing model outputs with point-based measurements, particularly during shallow or patchy
snow conditions and in wind-affected environments where snow redistribution can generate strong small-scale variability in
snow depth. Scanning laser measurements could help improve the spatial representativeness of snow depth observations in
future studies (e.g., Picard et al., 2016). To limit these effects, evaluation metrics were computed only when observed snow
depth exceeded 10 cm (Sect. 2.6), and further discussion about the uncertainties related to point-scale simulations is covered
in Sect. 4.

The meteorological forcings at all sites described in Sect. 2.1 were used to force the model and were linearly interpolated
from 1h to the chosen 30-minute model physics time step. CLASSIC requires full-year forcing files; therefore, the forcing
data were extended at both the beginning and end of the time series by replicating the first and last available full years over
any missing periods, and analyses were carried out only on the available data period. All the forcing files were provided in
local time or were converted to local time. Uncertainties related to the meteorological forcing can also affect the simulations,
particularly at Arctic sites where precipitation, radiation, and near-surface meteorological measurements are more prone to
errors due to wind undercatch, frost, polar night conditions, and data gap filling; these uncertainties are further discussed in
Sect. 4.5.

The soil texture (sand, clay, and organic matter content) was prescribed based on site information when available (Tables 1
and S2 in the Supplement) and complemented with the global gridded dataset SoilGrids250m version 1 (Hengl et al., 2017)
when needed. Soil permeable depth and soil color index were prescribed with the nearest grid cell of the gridded dataset
from Hengl et al. (2017) and Shangguan et al. (2017). The PFTs were prescribed with site information (Table 1 and S1 in
the Supplement). The proportions of C3 and C4 grasses were derived from Still et al. (2003). The model was run with the
biogeochemistry component (CTEM) enabled, allowing vegetation to evolve dynamically and CO, fluxes to be simulated. The

methane and nitrogen cycle, fire, competition, and dynamic tiling options were not activated (the default options in the current
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CLASSIC version). The CO, forcing was derived from Friedlingstein et al. (2023). Further information is available in Sect. 1
of the Supplement.

A first spin-up phase was performed at all sites over 100 to 300 years by looping over the forcing files (with an accelerated
carbon pool storage—spinfast parameter set to 10) until reaching the equilibrium in the carbon pools. A final spin-up phase
was performed over the same duration with the spinfast parameter set to 1 to ensure the conservation of carbon (see Sect. 6
of the Supplement for further details on the spin-up procedure). During the spin-up phases, the CO, concentration was held
constant at the value corresponding to the first year of the meteorological forcing file specific to each station; then, for the runs,
the CO, concentration evolved on an annual basis, following the values from Friedlingstein et al. (2023).

Table 2 presents the set of experiments conducted at the SnowMIP and Arctic sites, designed to sequentially test the im-

provements and modifications introduced above in the CLASSIC snowpack scheme (Sect. 2.3 and 2.4).

Table 2. Description of all experiments.

Experiment Description

DEF Default model version

TCZERO DEF with the thermal conductivity at the top of the first soil layer bug correction (Sect. 2.3.1).
TSNBOT TCZERO with the improvement on the bottom snow temperature (Sect. 2.3.2).

EZERO (PHYS) TSNBOT with the addition of the windless exchange coefficient (Sect. 2.3.3). Alias PHYS, as it includes all the snow

physics improvements.

SUBLI PHYS with the blowing-snow sublimation losses (Sect. 2.4.1).
COMPAC SUBLI with the improved snow compaction scheme for the Arctic (Sect. 2.4.2; Eq. 12 with Uy = 2.5 ms™1).
CLI1I (ALL) COMPAC with the Calonne et al. (2011) snow thermal conductivity parameterization. Alias ALL, as it includes all the

physics and Arctic model developments.

ALL_TVC ALL with the adjusted maximum snow density parameters including TVC (Sect. 2.4.2; Eq. 12 with Uy = 3.5 m s~ 1).

Note that the threshold at which the maximum snow compaction is increased due to wind speed remains at 2.5 ms™*.

2.6 Evaluation metrics

Model skill is evaluated using observed manual and automatic snow depth and SWE, snow albedo (excluding Arctic sites;
see Sect. 2.1), surface temperature, soil temperature in the upper soil layers (1-30 cm, depending on the site), and snow cover
duration (SCD), which is derived as the number of days within a snow season (September to August) with snow depth exceeding
10 cm. Table S3 in the Supplement lists the measurements available at each site. To avoid uncertainties arising from patchy snow
in both the model and observations, the metrics are computed for snow depth greater than 10 cm. In addition, observed snow
albedo values are constrained to be between 0.4 and 0.9, and snow surface temperature to be less than or equal to 0°C, to ensure
that they remain within a realistic physical range and to avoid potential artifacts or errors from observational measurements.

Observed albedo may still be influenced by protruding vegetation, especially during shallow snow conditions, despite the
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10 cm snow depth threshold. However, albedo measurements are available mainly at sites with short or mowed grass, alpine
tundra, or little vegetation cover, making them broadly comparable to the simulated snow albedo. Remaining uncertainties may
instead arise from limitations in the representation of vegetation in CLASSIC, including possible overestimation of simulated
vegetation height and the absence of vegetation bending, as further discussed in Sect. 4.6. For the soil temperatures, the first
soil layer measurement at a depth greater than or equal to 5 cm is used for comparison with the model.

The following mean bias (MB), normalized mean bias (NMB), root-mean-square error (RMSE), and normalized RMSE

(NRMSE) are used for each site:

d
1
MB = E;(Mt —0y), (16)
NvB = MB (17
ofo)
1 d
2
RMSE = &;(Mt—Ot) : (18)
NRMSE = RMSE7 (19)
0o

where M; and O, denote the daily modeled and in situ observed values at time ¢, d is the number of days available within the
analysis period for each variable and site, and oo is the standard deviation of the daily observed values over the corresponding
period. An NRMSE greater than 1 indicates poorer RMSE-based performance than using the observed temporal mean as a
constant predictor. The normalized RMSE and MB allow for better comparison among sites and variables.

In addition, we define an overall score over all sites and variables as follows:

1 "L 00 — RMSE;
Score = —7— — (20)
D iy TN ;; 00,5

where n is the number of variables, m; is the number of available sites for each variable 7, RMSE;; is the root-mean-square
error for the variable 7 at site j, and o ;; is the standard deviation of the corresponding observations. The score is equal to 1
when the model perfectly matches the observations, equal to O when the RMSE equals the observational standard deviation,
and becomes negative when the RMSE exceeds the observational variability. Each variable enumerated before is counted
(snow depth, SWE, snow albedo, surface temperature, soil temperatures, and SCD). The snow depth and SWE include both
the automatic and manual measurements, giving slightly more weight to those variables.

Pearson correlation coefficients were also computed as a complementary diagnostic to assess the temporal agreement be-
tween simulated and observed daily time series. These values should be interpreted with caution, as daily simulated time series
are not expected to exactly follow the observations, especially for snow depth at Arctic sites where wind-driven redistribution
can cause local snow depth changes that are not directly related to precipitation events. Therefore, correlations are used only as

an additional diagnostic and are not included in the overall score. All metric values are reported in Sect. 11 of the Supplement.
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2.7 Optimization process

The snow model physics developments (Sect. 2.3) were mainly carried out independently of each other, guided by physical
considerations and evaluated against available observations, without aiming to optimize scores or overall model performance.
The snow Arctic adaptations (Sect. 2.4) were developed upon the physics developments by testing various formulations with
manual iteration and exploration of the parameter space. All sites except TVC were used in this process in order to preserve
TVC as an independent validation site—and given the substantial uncertainties associated with the snowfall rates at this site (see
Sect. 2.1). Nevertheless, we also propose an adjusted version that includes TVC (experiment ALL_TVC; Table 2), motivated
by the distinct behavior observed at this site and the limited number of available Arctic sites (see details below).

This study presents only the optimal solutions, although additional combinations of parameters and parameterizations were
tested (not shown). The key tuning process was focused on the dry maximum snow density (Eq. 12). The following spaces
of parameters were tested: 0.5 < dy < 2 with increments of 0.1 m, 0.5 < o < 1 with increments of 0.1 m, 1 < Uy < 5 with
increments of 0.1 m s~! and the maximum constant of 430 (Eqgs. 11 and 12) was tested between 400 and 450 kg m—2 with
increments of 5 kg m~3. The threshold wind speed at which wind-induced compaction is triggered was tested as Uy (inde-
pendently). Modifications to the constant 700 kg m~2 in the wet maximum snow density Eq. 10 were tested but did not yield
any enhancements; therefore, this value was left unchanged. Note that snow density can exceed this value through melting and
refreezing processes, but the snowpack will not undergo further compaction.

The overall score presented in Eq. 20 was used as the most objective metric to tune those parameters across all sites and
variables, but when similar scores occurred (difference lower than 0.1), further investigation was carried out at individual sites
to choose the most physically-based option (considering consistency between the simulated snow depth, soil temperatures,
and snow density), and/or we favored best performances at the Arctic sites (Bylot and Umiujaq) because of their underrepre-
sentation. Even though the simulations and results are presented stepwise, we calibrated the effects of the three Arctic model
enhancements by systematically testing each possibility back and forth to ensure consistent tuning.

TVC was excluded from the tuning process and only added in the ALL_TVC experiment by adjusting the U, parameter in
Eq. 12—by exploring the same parameter space described above—to get the best score at all sites (including TVC), but without
redoing the whole tuning process mentioned above. Despite the large uncertainties associated with TVC (snowfall rates, limited
number of years, etc.), this approach allows us to provide a range of possible values for the Uj parameter. Furthermore, given
the limited number of Arctic sites currently available and the uncertainties inherent to Arctic environments (such as drifting
snow, frost on sensors, and snowfall rate measurements), this allows us to retain a parameter to fine-tune for future spatial

simulations.

3 Results

Section 3.1 first provides an overview of the main results and key takeaways across the different model experiments. Section 3.2
then examines the seasonal evolution of simulated snowpack and soil conditions at all sites and for each variable, in a qualitative

manner, for the DEF experiment (Sect. 3.2.1), the physics improvements (Sect. 3.2.2), and the Arctic adaptations (Sect. 3.2.3).
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Section 3.3 provides quantitative analyses and comparisons of the different experiments based on the metrics introduced in
Sect. 2.6. Finally, Sect. 3.4 presents a complementary diagnostic of temporal agreement between simulated and observed
daily time series using the Pearson correlation coefficient. Some experiments are superimposed in certain figures owing to
similar model responses; each figure therefore provides complementary insights, supported by the main text and by additional

clarifying plots in the Appendix and Supplement.
3.1 Overview of the main results

Overall, the default version of CLASSIC (DEF) reasonably reproduces the seasonal evolution of snow depth and most variables
at the SnowMIP sites (see Sect. 3.2.1 for the site-specific details). The main biases occur at the Arctic sites, where simulated
snow depth is overestimated by about 10-20 cm—a large relative bias given the thin Arctic snowpacks—and winter soil
temperatures by about 5-10 °C (Fig. 3jj, oo, tt, nn, ss, and xx). This suggests that the simulated Arctic snowpack is too
insulating, mainly because the default compaction scheme produces bulk snow densities that are too low for thin, wind-exposed
Arctic snowpacks, resulting in snowpacks that are too deep for a given snow mass.

The main improvement for the Arctic sites is the revised snow compaction scheme (Sect. 2.4.2). By allowing thin, wind-
exposed snowpacks to reach higher maximum dry-snow densities while having little effect on deeper snowpacks or under
weak-wind conditions, this scheme produces simulated bulk snow densities more consistent with Arctic observations. At Bylot,
for example, the snow depth bias decreases from about 7.5 cm to nearly zero, while simulated bulk snow density approaches the
observed values of about 300 kg m~? (further details are presented in Sect. 3.2.3). This denser and thinner snowpack reduces
excessive soil insulation and improves simulated snow, bottom snow, and soil temperatures, with the mean temperature bias at
Bylot decreasing from about 10 to 5 °C between the PHYS and COMPAC experiments (which is further enhanced in the CL11
experiment detailed below). Similar improvements are found at TVC, whereas the impact on most SnowMIP sites remains
limited, as intended. Lastly, blowing-snow sublimation losses have a smaller impact than the revised compaction scheme but
still affect some sites, as further discussed in Sect. 3.2.3.

On the other hand, the physics improvements (Sect. 2.3) provide further physical consistency in the snowpack thermal regime
and allow the Arctic developments to be built on a more robust basis. The original bottom snow temperature formulation in
the DEF experiment tended to overestimate the simulated snow temperature and underestimate the bottom snow temperature,
thereby inducing excessive heat storage within the snowpack and biasing temperature gradients at the snow—atmosphere and
snow—soil interfaces (see Sect. 3.2.2 for further details). The revised bottom snow temperature formulation addresses these
deficiencies. For example, at Col de Porte, the vertically-averaged snow temperature bias decreases from 0.8 to 0.3 °C and the
bottom snow temperature bias from —0.4 to —0.1 °C (e.g., Fig. 4g—j). These new developments do not necessarily improve the
performance of all variables and can even degrade simulated soil temperatures when applied alone. However, they are essential
for representing the snowpack thermal regime more consistently and for avoiding bias compensation.

The use of the snow thermal conductivity parameterization of Calonne et al. (2011) (Sect. 2.4.3), in combination with the
Arctic developments (CL11), further improves simulated snow, bottom snow, and soil temperatures. This suggests that the

previous snow thermal conductivity parameterization partly compensated for the bottom snow temperature bias. For example,
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at Bylot, the winter soil temperature bias increases from 6.8 °C in the DEF experiment to 9.6 °C in the PHYS experiment
before decreasing to 0.9 °C in the CLI/ experiment (Fig. Sm).

Finally, the addition of the windless exchange coefficient in the formulation of turbulent fluxes (Sect. 2.3.3) has a more
targeted effect. It substantially improves simulated snow surface temperatures at the SnowMIP sites, reducing the average
RMSE from 3.4 to 1.5 °C and the mean bias from —2.2 to —0.3 °C (Figs. 6k and 7k), while having limited effects on snow

depth, SWE, and soil temperatures. More detailed results are presented below.
3.2 Seasonal evolution across sites and experiments
3.2.1 DEF experiment

Figure 3 shows the annual cycles of the snow depth, SWE, snow albedo, surface temperature, and soil temperatures for all
experiments at all sites. Generally, the default model version (DEF; dark blue line) demonstrates good skills in representing
the annual cycle of the snow depth (first column; mean RMSE of 25 cm and correlation of 0.90 across all SnowMIP sites)
and SWE (second column; mean RMSE of 40 mm and correlation of 0.95 across all SnowMIP sites) at most of the SnowMIP
sites compared to the observations (black line). However, the DEF experiment overestimates and underestimates the snow
depth at the Senator Beck and Swamp Angel sites with mean biases of 31 and —38 cm, respectively (panels k and p). These
discrepancies may be related to wind-driven snow redistribution and are further discussed in Sect. 4.2. At Weissfluhjoch, the
simulated snowpack melts too early, with a decrease in snow depth starting in mid-March, almost 1 month earlier than in the
observations (panel ee). This problem may be related to an underestimated simulated albedo (of about 0.05 from November to
April; panel gg) or issues with light-absorbing particles (LAPs).

Arctic sites exhibit thinner snowpacks in general, with a maximum snow depth of about 50 cm at Bylot and TVC (panels jj
and tt) to about 1 m at Umiujaq (panel 0o). In the DEF experiment, simulated snow depth at the Arctic sites is overestimated
by about 10-20 cm, corresponding to a large relative bias for these thin snowpacks. This bias is particularly important because
even small errors in snow depth can strongly affect snow insulation and soil temperatures under the large thermal gradients
typical of Arctic winter conditions, as further discussed below.

Overall, snow albedo (third column) is reasonably well simulated (mean RMSE of 0.077 and correlation of 0.64 across the
five sites where observations are available), although it is overestimated by about 0.1-0.2 toward the end of the snow season at
four of these five sites (panels ¢, m, r, and w). This bias may be related to the lack of representation of light-absorbing particles
(LAPs) in the simulations and is further discussed in Sect. 4.2.

The simulated snow surface temperature (fourth column) has a mean bias of —2.2 °C across the SnowMIP sites in the DEF
experiment compared to observations. This bias is mainly caused by excessive cooling under stable atmospheric conditions,
which often occur at night during winter (not shown), as already discussed in Sect. 2.3.3.

In contrast, soil temperatures remain close to the 0 °C curtain at most SnowMIP sites in both the observations and simula-
tions. At the Arctic sites (Bylot, Umiujaq, and TVC), larger discrepancies are observed between the model and the observations.

In particular, simulated soil temperatures are overestimated by about 5-10 °C in the DEF experiment relative to observations,
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Figure 3. Annual cycles at all sites (rows) of the snow depth (automatic measurement), SWE (automatic measurement), snow albedo, surface temperature,
and soil temperature at the first measured depth (columns) of the daily time series of the experiments described in Table 2 over the available analysis period
(shown in each panel). At snb and swa only, automatic snow depth observations were extended to zero after melt-out when the observational time series stopped
abruptly at zero or near-zero snow depth, while remaining gaps were linearly interpolated; this adjustment is applied only for the annual cycle visualization
and not for the computation of the evaluation metrics. The blue shading corresponds to the 10-90 % quantile range of the interannual daily variability of the
DEF experiment, and the black shading corresponds to the observational unca*bainties estimated at Col de Porte (Lejeune et al., 2019) and shown at the other
sites as an indicative reference. Values for the last three variables (snow albedo, surface temperature, and soil temperature) are considered only when snow

depth is larger than 10 cm.
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which reach -10 to -25 °C in winter (panels nn, ss, and xx). Given the strong temperature gradients between the atmosphere
and the soil—particularly in autumn and spring—and the relatively thin snowpacks (< 1 m) at these sites, the overestimation
in simulated snow depths likely leads to an excessive insulating effect and can partly explain the discrepancies in simulated

soil temperatures.
3.2.2 Physical improvements

The inclusion of the new physics (PHYS; orange line in Fig. 3) has only a limited impact on the overall model performance,
with scores remaining close to those of the DEF experiment when all sites are considered (Table 3). However, it tends to de-
grade performance at Arctic sites, where the overall score decreases from 0.119 to —0.003, likely due to the improved bottom
snow temperature formulation, which removes a previous bias compensation in the snow thermal conductivity parameteriza-
tion, as discussed below. The correction of the thermal conductivity at the top of the first soil layer (TCZERO; orange line
in Fig. C1) does not lead to substantial differences relative to the DEF experiment (blue line) at most sites. An exception is
observed at Bylot, where a slight decrease in simulated soil temperature occurs of a few degrees at the beginning of winter
(Fig. Clnn). This behavior is consistent with the strong atmosphere—soil temperature gradients during early winter and par-
tial snow cover conditions, under which snow-free subareas cool more efficiently once the overestimated insulating effect is
resolved (Sect. 2.4.3). Aside from this site-specific response, changes are limited and mainly occur during periods of partial
snow cover and strong temperature gradients at other sites, but do not persist throughout the snow season (not shown). Further
investigation will be carried out in future spatial studies, where larger impacts are expected.

The implementation of the new bottom snow temperature computation (Eq. 3; Sect. 2.3.2) substantially reduces biases in
simulated snow temperatures. At Col de Porte over the 2002-2014 period, the mean snow temperature bias decreases from
0.8 to 0.3 °C (with the RMSE decreasing from 1.4 to 1.2 °C), while the bottom snow temperature bias is reduced from -0.4 to
-0.1 °C (RMSE from 0.5 to 0.3 °C). Figures 4g—j and B 1g—j illustrate these improvements on specific snow seasons reflected by
the PHYS experiment (orange line; affected mainly by the bottom snow temperature change) compared to the DEF experiment
(blue line). At Bylot, we assessed the estimation of the theoretical bottom snow temperature—not to get affected by the initial
poor performance of the DEF experiment—which is markedly improved with the RMSE decreasing from 4.2 to 0.9 °C (Fig. B2
in the Appendix). Appendix B provides additional information on the method used to compute the bottom snow temperature.

These improvements to the new estimate of temperature at the base of the snowpack alone, however, worsen the simulated
soil temperatures at several sites, particularly at Arctic sites (TSNBOT; green line in the last column of Fig. C1nn and ss; mean
RMSE increasing from 4.6 to 6.3 °C on average across Arctic sites). Indeed, because the simulated bottom snow temperature
tended to be underestimated in the DEF experiments for most of the snow season (e.g., Figs. 4i, B1i and B2 blue line), it was
leading to an overestimated soil heat loss toward the snowpack, inducing an overestimated snow temperature (e.g., Figs. 4g
and B1g blue line). Changing the snow thermal conductivity from Sturm et al. (2001) to Calonne et al. (2011) allows the soil
temperature to revert to similar performances to the DEF experiment (see next Sect. 3.2.3). Indeed, the parameterization pro-
posed by Calonne et al. (2011) leads to higher snow thermal conductivity values than that of Sturm et al. (2001) (see Fig. 1 of

Calonne et al., 2011), which enhances heat exchange between the soil and the atmosphere without significantly affecting snow
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Col de Porte, France (2005-11 - 2006-05)
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Figure 4. Example of time series of the snow depth (a), snow density (c), surface temperature (e), snow temperature (g), bottom snow
temperature (i), and soil temperature at 10 cm (k) at Col de Porte during the 2005-2006 snow season. Automatic (black line) and manual
(black dots) measurements are shown when available. The black shading represents the average uncertainty derived from Lejeune et al.

(2019). The snow density uncertainty o, was derived from the median value of the automatic snow depth ds, SWE measurements, and their

associated uncertainties (04, and oswe) as follows: 0, = py/(cswe/SWE)?2 + (04, /d;)? over the whole period. The right panels indicate
the mean error and RMSE over the example period (2005-2006) for snow depth > 10 cm. The simulated time series correspond to the default
configuration (DEF; blue), the physics improvements (PHYS; orange), and the physics and Arctic modifications (ALL; yellow). See Table 2
for the description of the experiments.
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or bottom snow temperatures (differences < 0.5 °C; Figs. 4g—j and B1g—;j, orange and yellow lines). Consequently, the cur-
rent model performance of the simulated soil temperatures in the DEF experiment was likely induced by a bias compensation
related to the bottom snow temperature computation and snow thermal conductivity.

The addition of the windless exchange coefficient in the sensible heat flux during stable atmospheric conditions (EZERO;
pink line in Fig. C1) alleviates most of the surface temperature underestimation with mean bias decreasing from —2.2 to
—0.3 °C on average across SnowMIP sites (Fig. C1 fourth column). The EZERO experiment does not affect simulated soil
temperatures, which remain comparable to those of the TSNBOT experiment (green line; Fig. C1, last column), but it triggers

a slightly earlier melt at Col de Porte, Reynolds Mountain East, and Swamp Angel (panels a, b, f, g, p, and q).
3.2.3 Arctic adaptations

Introducing the new physics (PHYS experiment) alone is not sufficient to improve the model skills at the Arctic sites. Indeed,
Arctic environments are subjected to strong winds and high temperature gradients, which involve other processes such as
blowing-snow sublimation and the formation of wind slabs and depth hoar. The impacts of the Arctic-specific model develop-
ments are detailed below.

Applying the blowing-snow sublimation loss parameterization of Gordon et al. (2006) (SUBLI; green line in Fig. 3) has
little impact at most sites, except at Umiujaq and TVC, where the snow depth is decreased by about 2—4 cm (Figs. 300 and tt,
and D1 and D2a and b). Large snow depth biases still persist at Bylot and TVC, with overestimations of about 7 and 18 cm,
respectively. A slight improvement is also observed at Senator Beck, with a reduction in snow depth of a few centimeters
(Fig. 3k). The impacts on soil temperature are negligible.

The new compaction scheme (COMPAC; pink line in Fig. 3), which accounts for wind-induced increases in snow com-
paction, has the most important impact on the simulated snow depth, snow density, and soil temperatures at the Arctic sites,
while it has a negligible effect at most SnowMIP sites. This new scheme substantially reduces the snow depth bias at Bylot,
from about 7.5 cm to nearly zero (Fig. 5a and b, pink line). It also improves simulated snow density and thermal conditions,
with snow density reaching values closer to observations (around 300 kg m~—3; Fig. 5c and d, pink line) and reduced biases
in snow, bottom snow, and soil temperatures (mean bias decreasing from about 10 to 5 °C between the PHYS and COMPAC
experiments; Fig. 5i—n, orange and pink lines, respectively).

Similar improvements are observed at TVC, with decreased snow depth, increased snow density, and reduced soil temper-
atures, which are in better agreement with observations (Fig. D2, pink line). In contrast, a slight deterioration in simulated
snow depth is found at Umiujaq (Fig. D1a and b, pink line), where it becomes underestimated by about 10 cm relative to
observations, likely due to earlier simulated melt and/or the absence of snow trapping by shrubs, which can locally increase
snow depth in reality (further discussed in Sect. 4). Moreover, an improvement in simulated snow depth is also observed at
Senator Beck (mean bias decreasing from 23.1 to 12.8 cm between the SUBLI and COMPAC experiments), a site subject to
strong wind conditions (Fig. 3k, pink line), while the remaining overestimation is likely related to wind-induced snow erosion

that is not accounted for in CLASSIC.
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Bylot Island, Canadian high Arctic (2014-08 - 2019-06-25)
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Figure 5. Time series of snow depth (a), snow density (c), snow thermal conductivity (e), snow surface temperature (g), bulk snowpack temperature (i),
bottom snowpack temperature (k), and soil temperatures at 5 cm (m) at Bylot from August 2014 to the end of June 2019 for all experiments. Automatic
measurements are shown in black, and alternative snow depth measurements from a nearby site (SALIX-F; 9 km away) are shown as dashed lines in panel (a).
The black shading corresponds to measurement uncertainties derived at Col de Porte (Lejeune et al., 2019) as an indicative reference. Panel (e) displays the
measured snow thermal conductivities at various heights (dashed lines), and the black line represents the weighted harmonic average of those values. The
snow density measurements are derived from snow pits in 2015, 2017, 2018, and 2019. Because of early melt in the model (see panel a), the observed snow
density is compared to the simulated values 2 weeks before (blue cross). The right panels correspond to the mean error and RMSE over the period 2014-2019

for snow depth > 10 cm. 24
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The implementation of the new snow thermal conductivity parameterization (CLII; yellow line in Fig. 3) improves the
simulated soil temperatures compared to observations at Bylot and, to a lesser extent, at Umiujaq (Fig. 3nn and ss; mean bias
decreasing from 4.6 to 0.9 °C and 3.6 to 2.5 °C, respectively, between the COMPAC and CLI1 experiments), whereas they
become underestimated at TVC (panel xx; mean bias increasing from 1.25 to —2.19 °C). In the CLI 1 experiment, the simulated
snow thermal conductivity at Bylot and TVC is, on average, overestimated by about 0.1 W m~! K~! relative to the bulk snow
thermal conductivity inferred from observations (Figs. 5e and f, and D2c, yellow line). These values approach those typically
associated with wind slabs, as indicated by the dark blue horizontal shading at TVC (Fig. D2c) and the dashed lines at Bylot
(Fig. 5e), which will be further discussed in Sect. 4.4. The new snow thermal conductivity parameterization also improves the
simulated snow and bottom snow temperatures at Bylot (Fig. 5i-1; mean bias decreasing from about 6 to 4 °C and 5 to 2 °C,
respectively, between the COMPAC and CLI1 experiments).

The adjusted parameters of the compaction scheme, including TVC (ALL_TVC; light blue line in Fig. 3), do not significantly
affect most sites (further discussed in Sect. 3.3). The ALL_TVC experiment includes a slight reduction of the impact of wind-
induced compaction in Eq. 12, by setting Uy to 3.5 m s~! instead of 2.5 m s~! as in the COMPAC experiment. This leads
to snow depths that are a few centimeters higher at the Arctic sites, thereby slightly enhancing snow insulation. As a result,
ALL_TVC improves simulated soil temperatures at TVC with a mean bias decreasing from —2.2 to —1.3 °C, but it increases

the warm soil temperature biases at Bylot and Umiujaq from 0.9 to 1.8 °C and from 2.5 to 2.9 °C, respectively.
3.3 Experiment ranking

Figures 6 and 7 show the RMSE and mean bias for each variable and site and their normalized values (i.e., divided by the
standard deviation of the observations) to better compare between the different sites with varying amplitudes. The following
subsections provide a more quantitative assessment of the incremental model developments for each variable, complementing
the more qualitative analysis of the seasonal cycles presented in Sect. 3.2. Section 3.3.5 then summarizes the overall model per-
formance using the aggregated scores, while Sect. 3.4 presents Pearson correlation coefficients as a complementary diagnostic

of temporal agreement between simulated and observed daily time series.
3.3.1 Snow depth and SWE

The largest snow depth and SWE errors are observed at Swamp Angel (red cross), with RMSE values ranging from 45 to 65 cm
and from 200 to 225 mm, respectively, across all experiments and for both manual and automatic measurements (Fig. 6a—h).
These errors primarily reflect a strong underestimation of snow depth and SWE (reaching close to —50 cm and —200 mm for
the manual measurements, respectively; Fig. 7c and g), already apparent in Fig. 3. This systematic underestimation could be
related to snow trapping in the sheltered subalpine forest environment of Swamp Angel, where part of the snow eroded from
the upper Senator Beck terrain may be deposited locally without being fully captured in the precipitation forcing, as further
discussed in Sect. 4.2.

In contrast, the largest relative errors for automatic snow depth are found at the Arctic sites, especially at TVC and Bylot

(cyan and gray triangles; Fig. 6b). In the DEF experiment, the snow depth NRMSE reaches 1.96 at TVC and 1.22 at Bylot,
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thus exceeding one standard deviation of the observations, whereas all SnowMIP sites remain below this threshold (even at
Swamp Angel despite the large absolute errors). The corresponding normalized mean biases are also largest at TVC and Bylot,
reaching 1.54 and 0.81, respectively (Fig. 7b). This reflects the relatively thin snowpacks at these Arctic sites, for which even
moderate absolute errors translate into large relative errors. At Umiujaq, where the observed snowpack is deeper, the relative
error is lower, with an NRMSE of 0.88 and a normalized mean bias of 0.28 in the DEF experiment.

Overall, the new physics (PHYS; second x-axis tick) degrades the simulated snow depths by about 5 % compared to the DEF
experiment (first x-axis tick), with an average RMSE across all sites of 25.0 cm compared to 23.8 cm in the DEF experiment,
with respect to the automatic measurements (Fig. 6a; red plain circles excluding TVC). Similar results are observed for the
manual snow depth and SWE measurements (with slightly larger errors).

The addition of the blowing-snow sublimation loss parameterization (SUBLI; third x-axis tick) has only a limited impact on
average snow depth and SWE RMSE across all sites, with small improvements generally below 1-2 % relative to the PHYS
experiment, owing to its influence being restricted to only a few sites (as mentioned in Sect. 3.2.3). The new compaction
scheme (COMPAC experiment; fourth x-axis tick) and the inclusion of the new thermal conductivity (CLII experiment; fifth
x-axis tick) improve the results with mean snow depth RMSEs across all sites decreasing to 22.8 cm and 21.5 cm, respectively.
Results are improved at both SnowMIP (black circles) and Arctic (blue plain circles) sites, with snow depth RMSE decreasing
from 25.1 to 23.3 cm (NRMSE from 0.54 to 0.50) at SnowMIP sites and from 19.4 to 15.1 cm (NRMSE from 1.05 to 0.79)
at Arctic sites between the DEF and CLI1 experiments (Fig. 6a and b). Including TVC (empty circles) in the evaluation only
slightly changes the average snow depth metrics across all sites for the CLI1 and ALL_TVC experiments (fifth and last x-axis
ticks, respectively): the mean RMSE decreases from 21.5 to 20.4 cm and from 21.6 to 20.6 cm, respectively, while the mean

NRMSE increases from 0.57 to 0.59 and from 0.57 to 0.61.
3.3.2 Snow albedo and surface temperature

Impacts on snow albedo are limited, with an average RMSE ranging between 0.07 and 0.08 across all SnowMIP sites for all
the experiments (Fig. 61). Snow albedo measurements at Arctic sites are prone to errors (due to gap-filling, frost, etc.) and
are therefore not shown. The implementation of the new physics (PHYS) improves the simulated surface temperature at all
SnowMIP sites by decreasing the RMSE from 3.41 °C to 1.51 °C and the mean bias from -2.20 °C to -0.25 °C (Figs. 6 and
7k and 1), mainly due to the implementation of the windless exchange coefficient in the sensible heat flux (EZERO; Figs. C2
and C3k and 1). The simulated surface temperature worsens slightly at Bylot; however, given the larger temperature amplitude
at Arctic sites, the NRMSE increases only from 0.29 to 0.30. Overall, considering the Arctic and SnowMIP sites, the average
NRMSE decreases from 0.60 to 0.30 (although the Arctic sites are underrepresented).

3.3.3 Soil temperatures

Soil temperature RMSEs and mean biases show large dispersion, especially at the Arctic sites, due to large warm biases in the
model for the DEF, PHYS, and SUBLI experiments (Figs. 6 and 7m and n; first to third x-axis ticks). The DEF experiment
has a mean RMSE (MB) of 5.78 °C (5.10 °C) and NRMSE (NMB) of 1.06 (0.93) at the Arctic sites and 0.63 °C (0.09 °C)
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Figure 6. RMSE and normalized RMSE (NRMSE; normalized by the standard deviation of the observations) computed for daily time series of snow depth
(automatic and manual; a—d), SWE (automatic and manual; e—h), snow albedo (i, j), surface temperature (k, 1), soil temperature at the first measured depth
(m, n), and snow cover duration (SCD; snow depth > 10 cm; o, p) for the experiments listed in Table 2, over the available analysis period at each site. The
SnowMIP sites are shown as crosses, and the Arctic sites as triangles. The black, red, and blue circles represent, respectively, the mean RMSE/NRMSE of all
the SnowMIP sites, the SnowMIP and Arctic sites, and the Arctic sites only. The full circles exclude TVC (independent validation site), and the empty circles
include TVC. The black dotted lines correspond to the observation uncertainties estimated at Col de Porte (Lejeune et al., 2019), applied to the other sites as
an indicative reference for the RMSE, and to 1 standard deviation of the observations for the NRMSE. All metrics are computed only over the period of snow

depths greater than 10 cm in the automatic measurements for each site.
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Figure 7. Same as Fig. 6 but for the mean bias (MB) and normalized mean bias (NMB; divided by the standard deviation of the observations).

and 0.81 (0.07) at the SnowMIP sites. The normalized RMSEs and mean biases show smaller differences between the Arctic
and SnowMIP sites because of the larger (smaller) soil temperature amplitudes at the Arctic (SnowMIP) sites. Implementing
the new bottom snow temperature formulation degrades overall model performance, as discussed in Sect. 3.2 and illustrated in

645 Figs. C2 and C3m and n (TSNBOT; third x-axis tick). This is reflected in the PHYS experiment (Fig. 6m and n; second x-axis
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tick) with an increase of the RMSE (NRMSE) to 8.08 °C (1.49) and 0.76 °C (0.93) on average at the Arctic and SnowMIP
sites, respectively.

The addition of the new compaction scheme (COMPAC) and the snow thermal conductivity parameterization (CLII) im-
proves simulated soil temperatures (Fig. 6m and n; fourth and fifth x-axis ticks). At Arctic sites, the RMSE (NRMSE) decreases
to 4.88 °C (0.95) with COMPAC and to 3.20 °C (0.64) with CLI11. At SnowMIP sites, the corresponding RMSE (NRMSE)
values are 0.73 °C (0.87) and 0.61 °C (0.74), respectively. Including TVC slightly improves the performance of the simulated
soil temperature in the CLI 1 experiment to an RMSE (NRMSE) of 2.99 °C (0.70) at the Arctic sites (Fig. 6m and n; blue empty
circles), despite a negative soil temperature bias of —2.19 °C at TVC (Fig. 7m; light blue empty triangle). The adjusted com-
paction scheme, including TVC (ALL_TVC; blue empty circles, last x-axis tick in Fig. 6m and n), further reduces the RMSE
(NRMSE) on average at all Arctic sites to 2.92 °C (0.65). However, a persistent cold bias of —1.31 °C remains at TVC, while
warm biases increase at Bylot and Umiujaq, from 0.89 to 1.81 °C and from 2.54 to 2.89 °C, respectively (Fig. 7m; triangles).

3.3.4 Snow cover days

The average SCD RMSE (NRMSE) improves on average at both SnowMIP (black circles) and Arctic sites (including TVC;
empty blue circles) from 16.2 days (1.2) for the DEF experiment to 14.1 days (1.0) for the ALL_TVC experiment (Fig. 60
and p; first and last x-axis ticks, respectively). However, the improvement is not systematic at all sites; for example, SCD
RMSE increases from 11.7 to 15.2 d at Swamp Angel and from 8.9 to 10.9 d at Sodankyld between the DEF and ALL_TVC
experiments. SCD biases span about +20 d depending on the site, and about 10 d when excluding Senator Beck and Swamp
Angel (Fig. 70).

3.3.5 Scores

The overall scores (Eq. 20) at all sites excluding TVC incrementally improve from 0.284 (DEF) to 0.380 (CL11; Table 3).
The model performs better at the SnowMIP than at the Arctic sites, although the new snow model developments (CL11) yield
larger improvements at the Arctic sites (where the model performed poorly compared to the SnowMIP sites). Indeed, scores
increase between the DEF and CLI1 experiments from 0.309 to 0.391 at the SnowMIP sites and from 0.119 to 0.306 at the
Arctic sites (excluding TVC). Including TVC degrades model performance across all sites, with scores decreasing to 0.140 for
the Arctic-only sites and to 0.347 when considering all sites in the CL1] experiment. Including the adapted compaction scheme
with TVC (ALL_TVC) does not improve the overall score. Indeed, no overall calibration with TVC was performed, but only
an adjustment of the compaction parameters (in Eq. 12), with the main aim of improving soil temperatures while limiting the
degradation of simulated snow depth (Sect. 2.6).

For the Arctic sites, the scores were computed using only the following available variables: automatic snow depth, soil
temperature, and SCD (in addition to surface temperature at Bylot). Therefore, the scores are more sensitive to variations in
individual variables. The SCD metric at TVC spans only two snow seasons and exhibits a large NRMSE (> 2.0 for the CL11
and ALL_TVC experiments), whereas the NRMSEs for the other variables are generally below 1.5 (Fig. 6b, n, and p; last two x-

axis ticks; triangles). As a result, SCD contributes substantially to the overall score at TVC. Nevertheless, the seasonal evolution
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Table 3. Scores (Eq. 20) computed for each experiment at the SnowMIP, Arctic, and all sites (with and without TVC) for all variables. The

last two rows exclude the SCD in the score computation.

Experiment DEF PHYS SUBLI COMPAC CL11 ALL_TVC
SnowMIP 0.309  0.333 0.337 0.345 0.391 0.391
Arctic (without TVC) 0.119  -0.003  0.001 0.217 0.306 0.286
SnowMIP + Arctic (without TVC) 0.284  0.290 0.294 0.329 0.380 0.377
Arctic (with TVC) -0.181  -0.274  -0.202 0.109 0.140 0.124
SnowMIP + Arctic (with TVC) 0223  0.227 0.242 0.304 0.347 0.344
Arctic (with TVC; SCD excluded) -0.121  -0.280  -0.254 0.245 0.311 0.317
SnowMIP + Arctic (with TVC; SCD excluded)  0.303  0.280 0.285 0.371 0.421 0.423

of snow depth at TVC is reasonably well captured by the final model configurations, with automatic snow depth RMSEs of 10.4
and 11.3 cm and Pearson correlations of 0.78 for the CL11 and ALL_TVC experiments, respectively (Fig. D2a). The low score
contribution at TVC is therefore mainly related to SCD, for which the observed standard deviation is only 5.5 d over the two
available snow seasons, while the SCD RMSE reaches 11.5 and 12.7 d in the CL/1 and ALL_TVC experiments, corresponding
to high NRMSE values of 2.09 and 2.32, respectively. This high SCD error is partly caused by an early simulated snow onset
in 2017 relative to observations, which may be related to forcing or measurement uncertainties (Fig. D2a).

Consequently, the strong weight given to SCD in the score computation at TVC may overemphasize this metric and does not
necessarily reflect a generally poor model performance at this site. Excluding SCD from the score computation yields com-
parable scores for the CLI1 and ALL_TVC experiments, with values of 0.311 and 0.317, respectively, at the Arctic sites, and
0.421 and 0.423 when considering all sites. These small differences should not be overinterpreted as a statistically significant
ranking. Rather, they indicate that the two final configurations provide comparable overall performance, with slightly different
trade-offs among variables and sites. In particular, the TVC-adjusted compaction parameters (ALL_TVC) improve soil temper-
atures at TVC but slightly increase warm soil temperature biases at Bylot and Umiujaq, as discussed above. The scores should
therefore be interpreted as a diagnostic guide, while the robustness of the model developments is assessed primarily from the
physical consistency of the changes across snow depth, snow density, snow thermal properties, and soil temperature, as further

discussed in Sect. 4.1.
3.4 Temporal correlation

Pearson correlation coefficients were computed as an additional diagnostic of the temporal agreement between simulated
and observed daily time series and are reported in Table S8 of the Supplement. Daily simulated and observed variations
are not necessarily expected to be strongly correlated, especially at Arctic sites where wind-driven snow redistribution can
produce local snow depth changes not directly related to the precipitation forcing. Correlations are therefore used only as

complementary information and did not inform the model development or the ranking of the experiments.
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Overall, the correlations support the main conclusions drawn from the RMSE, bias, and score analyses. For automatic snow
depth, correlations are generally high at the SnowMIP sites, with values mostly between 0.84 and 0.94 depending on the site
and experiment. Lower correlations are found at the Arctic sites, ranging from about 0.49 to 0.78, particularly at Bylot. This
is consistent with the stronger influence of local wind-driven snow redistribution in Arctic environments, which can cause
point-scale snow depth variations that are not directly related to precipitation events and are not explicitly represented in the
1D simulations. At the SnowMIP sites, the new model developments do not substantially modify the snow depth correlation
patterns compared to the DEF experiment, whereas slight improvements are found at some Arctic sites, especially Umiujaq
and TVC, where correlations increase from about 0.73 in DEF to 0.77 and 0.78, respectively, after the implementation of the
new compaction (COMPAC) and thermal conductivity schemes (CLI1) at both sites.

The SWE correlations are also generally high, with values mostly above 0.8 for manual measurements and above 0.9 where
automatic SWE measurements are available. Albedo correlations are more moderate, around 0.7 at most sites, with lower
values at Sapporo, likely reflecting processes not represented in the model, such as light-absorbing particle deposition, as
already discussed. Surface temperature correlations are high at most sites, generally exceeding 0.9, while soil temperature
correlations vary more strongly among sites, from about 0.5 to 0.97. Lower soil temperature correlations are found at some
sites where soil temperatures remain close to the zero-curtain or where small differences in the timing of snow accumulation,
melt, or soil freezing can strongly affect temporal agreement (e.g., at Senator Beck, Sodankyld, and Weissfluhjoch). At TVC,
the soil temperature correlation substantially improves from 0.76 in the DEF experiment to 0.97 in the CLI] and ALL_TVC

experiments, consistent with the improved representation of snow insulation and soil thermal conditions.

4 Discussion

In this study, we introduce six new snow model developments in the CLASSIC LSM—three physics improvements and three
Arctic-specific adaptations. These developments are evaluated using 1D site simulations at seven SnowMIP and three Arctic
sites. The discussion is organized as follows. Sect. 4.1 first discusses the physical consistency of the model improvements
across the different evaluation variables. Sect. 4.2 then interprets the site-specific biases and discusses their likely links to
unresolved or simplified snow processes. Sect. 4.3 discusses limitations related to unresolved spatial heterogeneities in snow
accumulation and melt processes. Sect. 4.4 focuses on limitations associated with energy transfer and vertical (1-D) processes
within the snowpack. Sect. 4.5 focuses on uncertainties related to meteorological forcing and observations. Finally, Sect. 4.6

addresses limitations arising from interactions between snow, soil, vegetation, and carbon fluxes.
4.1 Physical consistency of model improvements across variables

The evaluation metrics and aggregated scores were used as diagnostic tools to compare experiments across sites and variables,
but they were not intended as formal statistical rankings. No significance tests were applied to differences in metrics or scores,
given the diversity of variables, site conditions, observational uncertainties (not always characterized or available), and temporal

autocorrelation in the errors. The model developments were instead primarily guided by identified physical limitations and
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by the consistency of the simulated responses across snow depth, SWE, snow density, snow thermal properties, and soil
temperature.

For instance, we first identified that simulated bulk snow densities were consistently too low compared to available snow
pit observations at Arctic sites, with underestimations exceeding 50 kg m~3 in some cases (Sect. 2.4.2; Fig. S5c—d). This bias
was physically consistent with the overestimation of snow depth by about 10-20 cm and winter soil temperatures by about
5-10 °C in the DEF experiment at Arctic sites (Sect. 3.1; Fig. 3jj, nn, 00, ss, tt, and xx). Together, these biases suggest that the
default snowpack was too insulating, mainly because the original CLASSIC maximum dry-snow density was too low for thin,
wind-exposed Arctic snowpacks and because enhanced wind-induced compaction was not explicitly represented. Although
low-density depth hoar can partly counterbalance the formation of dense wind slabs in terms of bulk density, the available
observations still indicate that CLASSIC underestimated bulk snow density. The revised compaction scheme therefore consis-
tently increases snow density, reduces snow depth, and decreases soil temperatures through a reduced insulating effect and an
increased density-dependent snow thermal conductivity. For example, at the Arctic sites, including TVC, the mean snow depth
bias decreases from 12.0 to —1.0 cm between the DEF and COMPAC experiments, while the associated warm soil temperature
bias decreases from 4.6 to 3.1 °C (Fig. 7a and m; blue empty circles). Nevertheless, persistent soil temperature overestimation
remained even when simulated snow depth and snow density became more consistent with observations, suggesting that snow
thermal conductivity was still underestimated. Using the Calonne et al. (2011) parameterization instead of the default Sturm
et al. (1997) formulation improves this aspect and provides a more physically based estimate of snow thermal conductivity, as
further discussed below.

These improvements related to the compaction scheme did not substantially impact the SWE, which is driven by other pro-
cesses such as precipitation forcing, sublimation losses, and snow redistribution. Indeed, snow depth and density errors can
persist even when SWE biases are reduced, highlighting the importance of evaluating snow compaction processes and comple-
mentary snowpack variables in addition to SWE alone (e.g., Abolafia-Rosenzweig et al., 2024). The blowing-snow sublimation
parameterization has only a limited effect at most sites, reducing snow depth by about 2—4 cm, mainly at Umiujaq, TVC, and
Senator Beck (Sect. 3.2.3), and therefore cannot, by itself, explain the initial soil temperature bias. Only the combination of
the blowing snow sublimation losses parameterization with the new compaction scheme and snow thermal conductivity can
provide consistent improvements in the model for snow depth, SWE, snow densities, and soil temperatures.

The improvements related to snow compaction must also be interpreted together with the full snow—soil thermal regime,
including the revised bottom snow temperature formulation (Sect. 2.3.2) and the snow thermal conductivity parameterization
(Sect. 2.4.3). These developments also illustrate why scores alone are not sufficient for interpreting model performance and
how compensating errors can mask process-level deficiencies (e.g., Chen et al., 2014). Indeed, the revised bottom snow tem-
perature formulation was motivated by a physical inconsistency identified from snow temperature observations at Col de Porte
and theoretical estimates at Bylot (Figs. 4g—j and B2). It reduces the vertically averaged snow temperature bias at Col de Porte
from 0.8 to 0.3 °C and the bottom snow temperature bias from —0.4 to —0.1 °C, and decreases the theoretical bottom snow
temperature RMSE at Bylot from 4.2 to 0.9 °C. However, when applied without the updated snow thermal conductivity pa-

rameterization, it amplifies soil temperature biases at the Arctic sites (Sect. 3.2.2; Fig. C2m). For instance, at Bylot, the snow
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temperature bias decreases from 10.6 to 9.0 °C, while the 5-cm soil temperature bias increases from 6.8 to 9.6 °C between the
DEF and PHYS experiments (Fig. 5).

Indeed, in the original formulation, the bottom snow temperature (Eq. 2) was too strongly influenced by the bulk snow tem-
perature, which tended to underestimate the temperature at the snow—soil interface. This produced an overly strong temperature
gradient between the soil and the base of the snowpack, thereby resulting in an excessive conductive heat flux from the soil
into the snowpack. As a result, part of the soil heat was artificially transferred into the snow layer, contributing to warm snow
temperature biases while partly compensating for the warm soil temperature bias. This behavior highlights a second deficiency
of the original configuration: the thermal conductivity of the snowpack was too low, limiting the transfer of heat through the
snowpack toward the atmosphere. This interpretation is physically consistent with the fact that the Sturm et al. (1997) pa-
rameterization is based on needle-probe measurements, which have since been shown to tend to underestimate snow thermal
conductivity when used with standard, uncorrected protocols (e.g., Calonne et al., 2011; Fourteau et al., 2022).

By increasing snow thermal conductivity, the Calonne et al. (2011) parameterization enhances heat transfer through the
snowpack and allows excess soil heat to be more efficiently dissipated to the atmosphere. At Bylot, along with the other
model developments, especially the revised compaction scheme, the Calonne et al. (2011) parameterization led to a consistent
improvement in the snow—soil thermal regime. The snow temperature bias decreases from 10.6 °C in the DEF experiment
to 3.6 °C in the CLI1 experiment. Similarly, the bottom snow temperature bias decreases from 6.7 to 1.5 °C, and the soil
temperature bias decreases from 6.8 to 0.9 °C (Fig. 5). Similar improvements are observed at TVC and Umiujaq, where the
final configurations also reduce soil temperature biases relative to the DEF experiment (Figs. D2 and D1). These simultaneous
improvements in snow temperature, bottom snow temperature, and soil temperature support the interpretation that the final
configuration reduces previous bias compensations and provides a more physically consistent representation of heat transfer
through the Arctic snowpack.

By contrast, changes in snow albedo and surface temperature are less directly coupled in this study. No albedo-specific
development was introduced, and the effects of light-absorbing particles on snow albedo are not represented; consequently,
albedo RMSE remains nearly unchanged across experiments, with average values around 0.07-0.08 at the SnowMIP sites
(Sect. 3.3.2; Fig. 6i and j). The improvement in surface temperature is mainly caused by the windless exchange coefficient,
which reduces excessive surface cooling under stable atmospheric conditions, especially at night, and decreases, at SnowMIP
sites, the mean surface temperature RMSE from 3.41 to 1.51 °C and the mean bias from —2.20 to —0.25 °C (Figs. 6k and
7k). Because this correction acts primarily on turbulent heat exchange under stable conditions, it is not expected to produce
systematic albedo improvements. However, by modifying the snow surface energy balance, it can contribute to slightly earlier
melt at some sites, such as Col de Porte, Reynolds Mountain East, and Swamp Angel (Sect. 3.2.2; Fig. C1). This indicates that
the windless exchange coefficient is useful for reducing a clear surface temperature bias, but may remain a simplified solution
that requires further investigation in future work.

In summary, the different developments are physically linked and need to be interpreted as a combined adjustment of the
snow—soil system rather than as independent improvements of individual metrics. The revised compaction scheme first reduces

biases in snow depth and snow density, limiting the risk of compensating thermal errors with an unrealistic snowpack structure.
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The revised bottom snow temperature formulation then corrects the thermal state at the snow—soil interface and improves snow
and bottom snow temperatures, but also reveals the need for a more conductive snowpack to avoid excessive heat retention in
the soil. Finally, the Calonne et al. (2011) thermal conductivity parameterization increases heat transfer through the snowpack
and improves the consistency between snow, bottom snow, and soil temperatures. This sequence explains why some interme-
diate experiments may degrade specific metrics, while the final combination of developments improves model performance in
a physically consistent way, especially at Arctic sites, without degrading the overall performance at the SnowMIP sites. The
model developments were therefore primarily driven by identified physical limitations rather than by maximizing the aggre-
gated score. The scores and normalized metrics provided a practical way to compare experiments across variables and sites and
to constrain plausible parameter ranges, especially for the wind-dependent compaction parameters, but the final interpretation
relies on whether the changes are consistent with the expected physical relationships among snow mass, density, insulation,
heat transfer, and soil temperature. This is why the CL11 and ALL_TVC configurations should be viewed as physically plausi-
ble final configurations with slightly different trade-offs among variables and Arctic sites, rather than as a strictly ranked pair
of solutions. The remaining uncertainties in forcing data, observations, and unresolved processes are discussed in the following

sections.
4.2 Site-specific limitations related to unresolved processes

The discrepancies in simulated snow depth with respect to observations at Senator Beck and Swamp Angel (Fig. 3k and p)
could be due to the lack of representation of wind-driven snow redistribution in the model. Indeed, Senator Beck is located at
3714 m a.s.l. in an alpine tundra with thin soils and exposed bedrock, subject to strong winds that favor snow erosion, whereas
Swamp Angel is located in a sheltered meadow surrounded by subalpine forest at 3371 m a.s.l., lower down in the same
watershed. Therefore, Swamp Angel could trap part of the wind-redistributed snow during wind events (not reflected in the
snowfall measurements), leading to higher observed snow depths than simulated, while wind-driven snow erosion at Senator
Beck—not accounted for in the model—could lead to an overestimation of simulated snow depth at this site. Alternatively, the
current snow compaction scheme could not be adapted to the conditions at these sites. Further investigation would be needed
to unravel this uncertainty, especially since most models underestimate the simulated SWE at Swamp Angel (Menard et al.,
2021, their Fig 2).

The early melt at Weissfluhjoch (Fig. 3ee) could be due to the lack of representation of the effects of LAPs on snow albedo in
our simulations. Indeed, the model uses a single time constant for the albedo decay for dry snow and cannot capture differences
in albedo decay due to differences in LAP deposition. For example, snow albedo tends to be overestimated during the ablation
period at Col de Porte, Senator Beck, Swamp Angel, and Sapporo (Fig. 3c, m, r, and w), which are all known to be affected
by LAPs (Niwano et al., 2012; Painter et al., 2012; Skiles et al., 2012; Réveillet et al., 2022). Niwano et al. (2012) show that
the snow albedo can be reduced by up to 0.18 during the ablation period at Sapporo due to the deposition of LAPs on the
snow surface, which corresponds to the discrepancies between the simulated and observed snow albedo in our simulations
(Fig. 3w). At Weissfluhjoch, the simulated albedo is closer to observations during the ablation period, suggesting that this site

is likely less subject to LAPs. However, because the CLASSIC snow scheme was calibrated to fit sites, including Col de Porte
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(Brown et al., 2006, unpublished manuscript, 2001), it indirectly takes into account the LAPs, which could partly explain the
good performance at the Col de Porte and early melt at Weissfluhjoch. Alternatively, this early melt at Weissfluhjoch could
result from an underestimated simulated albedo during the accumulation period (Fig. 3gg), leading to excessive absorption
of solar radiation and, in turn, a warmer snowpack, which could trigger an earlier onset of melt. Further investigation will be
needed by including LAPs and/or adapting the albedo scheme to distinguish the contribution of these respective phenomena
to those discrepancies, especially since early melt is also observed at other sites (discussed in other sections below). Future
developments could therefore target a more explicit representation of snow albedo evolution, including snow aging, grain-
size effects, and light-absorbing particles, following both the theoretical basis of snow radiative transfer (e.g., Warren and
Wiscombe, 1980) and recent land-surface-model applications (e.g., Ménégoz et al., 2014; Abolafia-Rosenzweig et al., 2022;
Lin et al., 2025).

4.3 Spatial heterogeneities

A key limitation of this study is the use of point-scale simulations at Arctic sites, where snow processes are strongly influenced
by spatial heterogeneity (e.g., Mohammadzadeh Khani et al., 2023). Arctic environments are subjected to harsh conditions,
including strong winds that induce significant snow drifting and sublimation losses, which are difficult to quantify. As a result,
simulated snow depth is not necessarily correlated with observed precipitation (e.g., strong snowstorms can erode an entire
snowfall event). For instance, on 12 April 2018, Lackner et al. (2022) conducted 172 distributed snow depth measurements
within a 100 m radius of the Umiujag TUNDRA site. Observed snow depths ranged from 50 to 210 cm, with a mean value of
109 cm, which is within 8 cm of the value measured by the automatic station on the same day (117 cm). This suggests that we
can reasonably assume the station is representative of the surrounding snow depth, although it demonstrates the intrinsic spatial
heterogeneity of snow characteristics in these environments. Large-scale LSMs such as CLASSIC are designed to represent
processes at grid-cell scales of tens to hundreds of kilometers. Consequently, our simulations are not intended to reproduce the
exact snowpack evolution at a specific site affected by wind-driven redistribution, but rather to capture its key characteristics
over multiple snow seasons.

Enabling or deactivating SCF parameterizations is also a thorny question for point-scale simulations. Krinner et al. (2018)
and Menard et al. (2021) advise deactivating the SCF parameterizations in the ESM-SnowMIP exercise, as they assume that
snow cover is either present or absent in site simulations. Indeed, SCF parameterizations are generally designed to represent
large-scale spatial heterogeneities (e.g., Niu and Yang, 2007; Swenson and Lawrence, 2012; Lalande et al., 2023). However,
time-lapse camera observations at Arctic sites (e.g., Bylot and Umiujaq) reveal small-scale spatial variability at meter or
sub-meter scales, driven by microtopography, vegetation, and surface roughness, particularly during the ablation period or
at the onset of the snow season. In addition, the presence of instruments themselves can locally enhance melt around the
measurement station (e.g., Morin et al., 2012, their Fig. 3). Such small-scale snow cover heterogeneities can affect the surface
energy budget, soil temperatures, and measurements of upward long- and shortwave radiation, whose instruments have larger
spatial footprints than automatic snow depth sensors, thereby influencing the measured albedo, for example. A 10 cm snow

depth threshold is usually applied—excluding periods with shallow snow cover—to limit those uncertainties in point-scale
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snow studies; however, it is not obvious whether considering a complete snow cover for point-scale simulations is always
relevant. Further investigation should be conducted at specific sites, including with cameras, to clarify this issue. Estimating
the average snow depth and SCF around a station could help develop site-dependent SCF parameterizations, which could
alternatively be inferred indirectly from albedo measurements using known snow and snow-free albedo values at those sites
(e.g., Essery et al., 2013, their Eq. 54).

In CLASSIC, the model imposes a minimum snow depth of 10 cm—when snow is present—over the snow-covered subfrac-
tion of the grid cell to ensure numerical stability of the time-stepping scheme. Consequently, the snow cover parameterization
cannot be deactivated without compromising numerical stability at snow depths below 10 cm. We tested minimum snow depth
thresholds ranging from 5 to 20 cm at a subset of sites where such experiments could be performed without compromising
numerical stability. These tests showed limited impacts on simulated soil temperatures, except during occasional periods char-
acterized by strong temperature gradients between the soil and the atmosphere, combined with thin snowpacks. Overall, these
effects were transient and smaller than those associated with the new snow model developments (not shown); however, they
may still affect model tuning parameters. Furthermore, the choice of SCF parameterization (e.g., Swenson and Lawrence, 2012;
Lalande et al., 2023; Wang et al., 2025) is expected to exert a stronger influence in spatial simulations and will be investigated

in future studies using the new snow model developments.
4.4 Energy transfer and vertical snowpack processes

The vertical energy and water fluxes are modeled separately in CLASSIC for the four subareas in each grid cell: vegetated
and bare soil surfaces, each with and without snow cover. However, at each model time step, all variables of each subarea
are averaged together. Therefore, the separate energy budgets of each subarea do not persist over time. This assumption is
particularly critical for snow because the presence or absence of snow cover strongly modifies the surface energy balance (e.g.,
albedo, insulation, and latent heat exchanges). Averaging the subareas may artificially smooth sharp contrasts between snow-
covered and snow-free fractions, which can in turn affect simulated snow accumulation and melt rates. Further investigation
could assess whether this assumption is realistic and at which spatial scales it applies.

Furthermore, the current hypothesis of quadratic temperature profiles within the snowpack could reach some limitations.
On the one hand, it allows for an indirect representation of multilayer heat transfer within the snowpack, which may be more
realistic than a simple linear profile in a single-layer snow model. On the other hand, it is known that snowpack temperature
profiles may be more complex (e.g., Fierz, 2011, their Fig. 1). For instance, cold temperatures accumulated during the night
can persist in the mid-upper layers of the snowpack, while the surface warms during the day and the bottom remains relatively
warm due to ground heat flux, resulting in a temperature profile that deviates from a simple quadratic curve. Therefore, when
the surface and soil temperatures simulated by CLASSIC both approach 0 °C, the modeled average snowpack temperature will
also approach 0 °C, whereas in reality the bulk snowpack could still be colder. Despite its good overall performance, this may
be a limitation of the single-layer CLASSIC snowpack and could be one of the causes of the early melt observed at a few sites,

especially at the Arctic ones (e.g., Figs. 5, D1, and D2a).
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Some limitations in the representation of bulk snow properties may also arise from the use of a single-layer snow model.
As shown in Sect. 3.2.3, the simulated bulk snow thermal conductivity in the CLII experiment is overestimated at Bylot and
TVC by about 0.1 W m~! K~ relative to observations (Fig. Se and f; Fig. D2c). Generally, estimating an effective snow
thermal conductivity from the mean snow density can be misleading in a single-layer framework. Indeed, the relationship be-
tween density and thermal conductivity is nonlinear (e.g., Calonne et al., 2011), and thermal resistances (i.e., layer thickness
divided by thermal conductivity)—not conductivities—combine in series in vertically stratified snowpacks. As a result, apply-
ing a density-dependent snow thermal conductivity parameterization to the mean snow density cannot reproduce the equivalent
conductivity of a multilayer snowpack. An idealized two-layer sensitivity analysis presented in Sect. 12 of the Supplement
indicates that the bulk approximation underestimates the integrated thermal resistance by approximately 7, 26, and 48 % for
moderate, strong, and very strong stratification (represented by depth-hoar/wind-slab density pairs of 250/350, 200/400, and
150/450 kg m—3, respectively). This limitation could partly explain why the model reproduces observed snow density reason-
ably well while still deviating from observed snow thermal conductivity. Heated-needle-probe measurements are also known to
underestimate snow thermal conductivity because of contact-resistance effects and assumptions inherent to the heating method
(Fourteau et al., 2022), potentially contributing to the model-observation differences. In addition, the limited number of point
measurements may not adequately capture the vertical snow stratigraphy needed to estimate an effective bulk conductivity.

The improved performance of the CLII experiment should therefore be interpreted within the context of the CLASSIC
single-layer framework rather than as evidence that the Calonne et al. (2011) parameterization is universally more appropriate
for Arctic snowpacks. Under the assumptions of the sensitivity analysis (Sect. 12 of the Supplement), explicitly representing
the stratified layers using the same density—conductivity relationship would reduce the effective snowpack conductance rela-
tive to that obtained in the successful bulk CL11 experiment. Reproducing this bulk conductance would therefore likely require
layer-scale conductivities at least as high as, and potentially higher than, those predicted by the Calonne et al. (2011) param-
eterization. This result is directionally more consistent with the higher conductivities predicted by Calonne et al. (2011) than
with the lower values predicted by Sturm et al. (1997), although it does not establish the universal validity of either relation-
ship for natural Arctic depth hoar. Conversely, the better performance obtained with the Sturm et al. (1997) parameterization
in some previous Arctic studies can also partly reflect compensating biases when snow depth and/or density remain inade-
quately represented, as a lower conductivity can compensate for a snowpack that is too thin or too dense without improving
its overall physical representation (e.g., Dutch et al., 2022; Damseaux et al., 2025). Our sequential evaluation, in which snow
depth and bulk density were improved before modifying thermal conductivity, was specifically designed to mitigate this risk.
More generally, density alone is insufficient to characterize snow thermal conductivity, which also depends strongly on snow
microstructure. This limitation is particularly important for depth hoar, whose pronounced anisotropy and evolving grain and
bond structure can produce substantially different thermal conductivities at similar densities (e.g., Satyawali et al., 2008; Lowe
et al., 2013; Barrere et al., 2017). Further evaluation using vertically resolved conductivity measurements, multilayer snow
models, and microtomographic measurements of representative natural Arctic depth-hoar samples is therefore needed. Future
parameterizations could incorporate microstructural descriptors, such as anisotropy or grain and bond geometry, in addition to

density (e.g., Domine et al., 2011; Lowe et al., 2013; Calonne et al., 2019; Fourteau et al., 2021). In addition, future CLASSIC
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developments could diagnose an internal density profile within the single prognostic snow layer, similarly to the quadratic
temperature profile already used in the model, or implement a fully multilayer snow scheme.

Despite the model improvements, persistent warm biases remain in the simulated snowpack and snow surface temperatures
at some Arctic sites (e.g., at Bylot; Fig. 5c—j), which may contribute to an early onset of melt. A first possible explanation
is related to the treatment of meltwater refreezing in CLASSIC: meltwater can refreeze entirely within the snowpack if the
available heat sink is sufficient, thereby releasing latent heat and warming the snowpack. However, in reality, preferential flow
pathways may allow some of the meltwater to reach the soil without fully refreezing, even when the snowpack heat sink would
be sufficient to refreeze it. This effect may be particularly important in Arctic environments, where the formation of depth hoar
at the base of the snowpack can enhance water drainage due to its larger grain size (e.g., Marsh and Woo, 1984; Wever et al.,
2018). Alternatively, the simulated early melt at Arctic sites may also arise from uncertainties in the forcing datasets, especially
in spring when radiative sensors are often affected by frost (e.g., Domine et al., 2019), or from limitations of the albedo scheme,
since light-absorbing particles are not represented (as discussed for the Weissfluhjoch site in Sect. 4.2). Furthermore, warm
biases may arise from radiative heating of near-surface air temperature sensors under high incoming and reflected shortwave
radiation combined with weak wind conditions, which can lead to air temperature overestimations of several degrees Celsius
(e.g., Georges and Kaser, 2002; Genthon et al., 2011)—conditions that could occur at Bylot given its relatively low wind speeds
(e.g., Domine et al., 2018a). A sensitivity test applying a radiation-dependent correction to spring air temperatures could help
assess its contribution to the simulated early melt (e.g., Huwald et al., 2009; Yang et al., 2016; Morino et al., 2021).

Ultimately, the new wind-dependent compaction scheme could be further refined using additional datasets in future work.
The most sensitive parameters in Eq. 12 are Uy and the wind speed threshold triggering enhanced wind compaction. In this

study, the latter was fixed at 2.5 m s~1, while a range of Uy values between 2.5 and 3.5 m s—1

was explored. Additional
Arctic sites and improved forcing data would help reassess these values and better constrain the center (dy = 0.8 m) and width
(0 = 1.0 m) of the Gaussian function controlling wind-enhanced compaction. More generally, better constraining fresh snow
density, maximum snow density, and compaction rates will likely require dedicated experimental and field studies—such as
wind tunnel experiments (e.g., Walter et al., 2024) and targeted in situ observations—to jointly inform and disentangle the
effects of snowfall properties, wind redistribution, and mechanical compaction in Arctic snowpacks. In addition, both the fixed
wind threshold used for enhanced compaction and the temperature-only threshold used for blowing-snow sublimation (Eq. 6)

could be refined by accounting for additional controls on surface-snow erodibility, such as snow density and microstructural

properties (e.g., Liston et al., 2007; Vionnet et al., 2012; Amory et al., 2021).
4.5 Forcing and observation uncertainties

Large uncertainties can also arise from forcing and observation data. Indeed, Arctic field sites often face extreme conditions,
including prolonged polar nights and harsh weather, which can impact sensor reliability and data collection, especially due to
frost and solid precipitation wind undercatch (e.g. Pan et al., 2016; Domine et al., 2021a). The remote nature of these sites also
makes it difficult to perform regular maintenance and verification of instruments. Therefore, the measurements can have many

gaps, which are often filled with data from nearby stations and/or reanalysis products. For example, at Bylot, the Geonor 200
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measurements are complemented with data from nearby Geonor gauge stations at Pond Inlet (84.1 km to the southeast) and
Cape Liverpool (79.5 km to the northeast; Domine et al., 2021a), which adds further uncertainties. An alternative precipitation
gap-filling method was tested at Bylot (Mohammadzadeh Khani, 2024), resulting in significant differences in simulated snow
depth and soil temperatures, reaching up to 10 cm and a few degrees, respectively, within a few years (not shown). Although
those differences were, on average, of lower magnitude than the impact of our model developments, they could affect parameter
optimization.

At TVC, large uncertainties arise because the station itself may act as a local snow accumulation zone (Brampton Dakin,
personal communication, 2023), further complicating the interpretation of snow depth measurements. In addition, the site lacks
direct snowfall measurements and, although the precipitation forcing had already been corrected for gauge undercatch follow-
ing Pan et al. (2016), it remained inconsistent with the simulated snowpack evolution, as discussed in Sect. 2.1. In particular,
the initial simulated snow depth is too low, and snow density is underestimated relative to snow pit measurements (Fig. Sla—c;
DEF (1xSnowf), blue line in the Sect. 3 of the Supplement). To address this, we doubled the snowfall rates (Sect. 2.1) to obtain
more realistic simulated snow depth, density, and soil temperature values in better agreement with observations when using our
new model developments (Fig. Sla—c; ALL_TVC (2xSnowf), green line). This additional empirical adjustment introduces un-
certainties into the analysis and may bias the tuning applied at TVC in the ALL_TVC experiment. Residual discrepancies may
arise from precipitation-phase partitioning, remaining measurement uncertainties, local snow trapping, and wind-driven snow
redistribution, which cannot be resolved by a gauge-undercatch correction alone. A wind-dependent adjustment representing
lateral snow transport and local deposition, conceptually similar to that proposed by Lackner et al. (2022), could be explored as
an alternative to the uniform snowfall scaling. However, because snow drifting can occur even in the absence of precipitation, it
remains challenging to determine which correction approach is most accurate. In this context, the forthcoming 32-year dataset
at TVC (Woolley et al., 2024; Tutton et al., 2025) will be particularly valuable for better constraining these model developments
and ascertaining whether the two snow seasons currently available from Dutch et al. (2022) are representative, or whether snow

redistribution processes compensate over longer time scales.
4.6 Soil, vegetation, and carbon fluxes

Using CLASSIC enables the simulation of carbon fluxes and dynamically evolving vegetation. However, simulated vegetation
height can differ from observations at specific sites. For example, at Col de Porte, grass is regularly mowed (Lejeune et al.,
2019), which is not represented in the model and leads to overestimated vegetation height, affecting simulated albedo when
vegetation is not yet fully buried by snow (Figs. 3 and S2c). In addition, CLASSIC does not account for vegetation bending
under snow load (e.g., Ménard et al., 2014), further increasing uncertainty in the representation of vegetation height. As a
result, simulated surface albedos (Fig. S3, third column in Sect. 7 of the Supplement) differ substantially from observations,
particularly at the beginning of the snow season at Col de Porte, Senator Beck, and Swamp Angel, with underestimations
exceeding 0.2 (Fig. S3c, m, and r). This bias is partly related to unrealistic vegetation heights, which can reach 50 cm to 1 m in
the model, even at Arctic sites, where the vegetation is in reality dominated by short grasses, mosses, and lichens. Sensitivity

tests comparing bare-ground and grass configurations showed only minor impacts on snowpack evolution in these offline
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simulations, despite noticeable albedo differences during transition periods (not shown). However, such effects are expected
to be more pronounced in land—atmosphere coupled simulations, where albedo biases can feed back on surface energy fluxes,
near-surface temperatures, and snow evolution and will become increasingly important in a changing climate, inducing Arctic
greening (Bayle et al., 2022).

Uncertainties in simulated soil temperatures at Arctic sites may also partly arise from the thermal bridge effect associated
with shrubs, which is not represented in CLASSIC. This effect can enhance heat exchange between the atmosphere and the
ground and reduce soil temperatures by up to 4 °C during cold spells compared to shrub-free areas (Domine et al., 2023).
Its absence in the model could therefore contribute to the limited improvement and remaining warm biases in simulated soil
temperatures at Umiujaq TUNDRA, where broadleaf deciduous cold shrubs are present (e.g., Fig. 3ss). Consistent with this
interpretation, Meyer et al. (2021) reported that simulated soil temperatures in shrub-dominated environments were generally
slightly warmer in winter and slightly cooler in summer than observations (their Fig. 1). However, this effect may yet be weak
at Umiujaqg TUNDRA, as shrubs are short relative to snow depth, largely bent under the snow, and characterized by very
small branch diameters, all of which strongly limit the efficiency of thermal bridging. Uncertainties may also stem from the
pedotransfer functions used in CLASSIC (Cosby et al., 1984), which are calibrated over a broad range of soil types and may
perform poorly for extreme cases (e.g., nearly pure sand; Wosten et al., 2001; Vereecken et al., 2010; Van Looy et al., 2017).
Such limitations can affect the estimation of key soil properties, such as soil moisture at saturation, and consequently influence
simulated soil water content and soil temperatures.

Using a peat layer to compensate for the absence of explicit moss and lichen representation at Arctic sites (Sect. 2.1) also
highlights important model limitations. Mosses and lichens exhibit distinct behaviors in terms of water drainage, heat transfer,
and carbon fluxes (Beringer et al., 2001; Gornall et al., 2007), which are not fully captured by this simplified approach.
This may introduce additional uncertainties in our simulations, even if its impact appears limited in winter and mainly leads to
improved summer albedo, soil temperatures, and soil moisture (not shown). However, remaining biases in simulated volumetric
water content persist (Fig. S4 in Sect. 8 of the Supplement) and may still affect winter soil temperatures, particularly during
zero-curtain periods when excess liquid water delays soil freezing. Previous studies that explicitly implemented mosses in land
surface models, such as JSBACH and JULES, reported notable improvements, particularly for permafrost dynamics (Ekici
et al., 2014; Chadburn et al., 2015).

Additional analyses of Arctic carbon budgets are presented in Sect. 9 of the Supplement. They show that improved simu-
lation of winter soil temperatures can substantially affect modeled net ecosystem exchange (NEE), particularly by reducing
winter CO4 emissions at sites with the largest soil temperature biases (e.g., Bylot and TVC). In these cases, lower winter soil
temperatures reduce heterotrophic respiration and shift the annual carbon balance toward weaker sources or net sinks (Fig. S5a
and c in Sect. 9 of the Supplement). In contrast, changes in NEE at Umiujaq are limited, consistent with the smaller soil tem-
perature differences simulated at this site (Fig. S5b). While simulated NEE amplitudes remain smaller than observed (Fig. S6),
large uncertainties in winter flux measurements and limitations in Arctic vegetation representation complicate a direct eval-
uation. Overall, these results highlight the strong coupling between snow processes, soil thermal regimes, and Arctic carbon

fluxes and emphasize the need to improve the representation of Arctic snowpacks and their interactions with vegetation—such
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as vegetation bending, thermal bridging in shrubs, and explicit moss and lichen plant functional types—particularly in the
context of ongoing Arctic shrubification and greening, to achieve more consistent simulations of energy, water, and carbon
budgets in Arctic environments (e.g., Sturm et al., 2001; Myers-Smith et al., 2011; Bayle et al., 2022).

Another source of uncertainty arises from the lack of detailed information on soil composition and measurement locations
at some sites (e.g., soil temperature sensors and snow pits), which hampers accurate simulation of snow—soil interactions.
This is particularly relevant at TVC, where hummock and inter-hummock zones can exhibit markedly different thermal prop-
erties (Brampton Dakin, personal communication, 2023). More broadly, the absence of standardized, homogenized Arctic
snow datasets comparable to those of SnowMIP (Menard and Essery, 2019) remains a major challenge for Arctic snow model
evaluation and intercomparison. Expanded and more comprehensive observations—including snow temperature, snow ther-
mal conductivity, and camera-based monitoring—are also needed to better constrain and evaluate snow processes in Arctic

environments.

5 Conclusions

This study introduces three physics-based snow model improvements in the Canadian Land Surface Scheme including Bio-
geochemical Cycles (CLASSIC; Melton et al., 2020): (1) a correction to the computation of thermal conductivity at the top
of the first soil layer, (2) a revised formulation for bottom snow temperature, and (3) the inclusion of a windless exchange
coefficient in the sensible heat flux calculation. In addition, three Arctic-specific snowpack adaptations are implemented: (1)
the representation of blowing-snow sublimation losses, (2) a revised snow compaction scheme, and (3) a modification of the
snow thermal conductivity parameterization.

To assess the new model developments, seven sites from the Snow Model Intercomparison Project (SnowMIP; Krinner et al.,
2018; Ménard et al., 2019; Menard et al., 2021) are used, together with three Arctic sites: Bylot Island (Domine et al., 2021a),
Umiujaq TUNDRA (Domine et al., 2024b), and Trail Valley Creek (TVC; Dutch et al., 2022) (Fig. 1). The model is evaluated
against automatic and manual measurements of snow depth and SWE, albedo, surface temperature, soil temperature, and snow
cover duration (SCD) at all sites except TVC. When available, snow thermal conductivity, bulk snow temperature, and bottom
snow temperature are also used to provide additional process-level insights at selected sites. Trail Valley Creek is retained as
an independent evaluation site; however, an adjusted version of the new compaction scheme that includes TVC is additionally
proposed.

The revised computation of bottom snow temperature (Sect. 2.3.2), combined with the updated snow thermal conductivity
parameterization of Calonne et al. (2011) (Sect. 2.4.3), alleviates a bias compensation that previously led to an overestimation
of heat storage within the snowpack (e.g., Fig. 4g—j and Sect. B in Appendix). The new formulation of the bottom snow
temperature (Eq. 3) reduces the mean simulated snow temperature bias at Col de Porte over 2002—2014 from 0.8 to 0.3 °C
(RMSE from 1.4 to 1.2 °C), and the bottom snow temperature bias from -0.4 to -0.1 °C (RMSE from 0.5 to 0.3 °C). It also
substantially improves bottom snow temperature estimates at Bylot, with the RMSE decreasing from 4.2 to 0.9 °C (Fig. B2).
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The addition of a windless exchange coefficient in the sensible heat flux calculation (Sect. 2.3.3) improves the simulated
surface temperature at all SnowMIP sites, reducing the RMSE from 3.41 to 1.51 °C (Fig. 6k) and the mean bias from -2.20
to -0.25 °C (Fig. 7k). At Bylot, surface temperature performance is slightly degraded; however, given the larger temperature
amplitude at Arctic sites, the corresponding NRMSE increases only marginally, from 0.29 to 0.30. Overall, when considering
both Arctic and SnowMIP sites, the average NRMSE decreases from 0.60 to 0.30 (Fig. 61).

The snow sublimation scheme (Sect. 2.4.1) has a negligible impact at most sites, except at Umiujaq, TVC, and Senator
Beck, where it leads to an average snow depth reduction of 2—4 cm. Large uncertainties remain in the estimation of snow
sublimation losses, owing to snow drifting processes and the difficulty of accurately measuring snowfall rates.

The revised snow compaction scheme (Sect. 2.4.2), which accounts for wind effects, has the most pronounced impact at the
Arctic sites. Indeed, the previous compaction formulation (Brown et al., 2006) constrained the maximum dry-snow density to
values lower than those observed in Arctic environments, leading to an underestimation of bulk snow density by more than
50 kg m~3 and, consequently, to an overestimation of simulated snow depth (e.g., Figs. 2 and 5a—d blue line). The new scheme
allows higher maximum snow densities during strong wind events for snowpacks around 80 cm (corresponding to the center
of the Gaussian formulation of Eq. 12; Fig. 2, red line), while avoiding impacts on deeper mid-latitude snowpacks, where
compaction is primarily governed by gravity and metamorphism. As a result, the mean snow depth bias at the Arctic sites
(including TVC) is reduced from 12.0 to -1.0 cm, and the associated warm bias in simulated soil temperatures decreases from
4.6 to 3.1 °C from the DEF to the COMPACT experiment (Fig. 7a and m, blue empty circles; Table 2).

The inclusion of the snow thermal conductivity parameterization of Calonne et al. (2011) (Sect. 2.4.3) further improves
model performance. At the SnowMIP sites, the overall soil temperature RMSE remains stable at about 0.6 °C between the DEF
and CL11 experiments (Fig. 6m, black circles; Table 2). In contrast, at the Arctic sites (including TVC), the soil temperature
RMSE decreases substantially from 5.3 to 3.0 °C, and the mean bias is further reduced to 0.41 °C (Fig. 6 and 7m, blue
empty circles). Incorporating TVC-adjusted parameters in the compaction scheme (ALL_TVC) yields a modest additional
improvement in soil temperature RMSE across all sites (SnowMIP and Arctic), from 1.40 to 1.37 °C (Fig. 6m, red empty
circles). Meanwhile, the snow depth RMSE remains close to 20 cm across all sites (Fig. 6a, red empty circles), and the mean
snow depth bias at the Arctic sites is reduced to 0.9 cm (Fig. 7a, blue empty circles).

The improved simulated soil temperatures induced by the new snow model physics yield changes in simulated net ecosystem
exchange (NEE)—the net flux of CO, between the land surface and the atmosphere—at all Arctic sites (especially in the
winter land surface respiration), which can trigger a switch from carbon sources to sinks (Sect. 9 of the Supplement). Accurate
representation of Arctic snowpacks and soil thermal regimes is therefore essential for robust estimates of Arctic carbon fluxes.
Such improvements are especially important in the context of climate change and Arctic amplification (e.g., Serreze and Barry,
2011; Arctic Monitoring and Assessment Programme (AMAP), 2024), as well as for Arctic carbon budget assessments, which
remain highly uncertain (e.g., McGuire et al., 2012; Natali et al., 2019).

Despite the inherent limitations of the CLASSIC single-layer snow model, including its inability to explicitly represent
Arctic snow stratigraphy (Sect. 4), this study shows that it can reproduce first-order bulk snowpack characteristics and the

coupled snow—soil thermal response at the evaluated sites. In particular, we introduce a novel wind-dependent compaction
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scheme (Sect. 2.4.2) that enables the simulated snowpack to perform as well at Arctic sites as at mid-latitude sites. Together

1110 with the revised bottom snow temperature formulation and the updated snow thermal conductivity parameterization, this new
development provides physically consistent model responses across snow depth, snow density, snow thermal properties, and
soil temperature, supporting the robustness of the proposed developments despite remaining forcing, observational, and site-
specific uncertainties. Moreover, the substantial variability in simulated snow depth and soil temperature across the three
Arctic sites highlights the need to calibrate and evaluate snow models using multiple Arctic sites, rather than relying on a

1115 single location, as has often been the case in previous studies (e.g., Barrere et al., 2017; Gouttevin et al., 2018; Lackner et al.,
2022).

Uncertainties remain in the forcing and evaluation datasets, particularly owing to the harsh Arctic environments—characterized
by strong winds, frost-affected sensors, polar night conditions, and wind-driven snow redistribution. Overall, there is a crucial
need for more measurements in Arctic environments and standardized quality-controlled snow datasets to enable modeling

1120 teams to incorporate Arctic sites into their model assessments. To further improve the representation of energy, water, and
carbon fluxes in Arctic environments in CLASSIC, future work should incorporate moss and lichen dynamics, along with a
more refined assessment of carbon fluxes. Integrating vegetation bending may also be important, as non-buried protruding
vegetation may significantly bias surface albedo and the energy budget, particularly in autumn and spring (Sect. 4.6). Ac-
counting for light-absorbing particles on the snowpack and revising the compaction and/or albedo scheme accordingly should

1125 also be considered (e.g., Gaillard et al., 2025). Developing an internal snow-density profile could help reconcile bulk density
with effective thermal conductivity within the current single-layer framework. Alternatively, transitioning to a multilayer snow
scheme would allow Arctic snow stratigraphy to be represented explicitly, but would require a substantial restructuring of
the model architecture, including its snow thermodynamics and mass and energy balance calculations. More physically based
formulations of wind-slab and depth-hoar development should also be explored. Future work will focus on performing spatial

1130 simulations to evaluate the 1D snow model developments of this study over the Arctic, in addition to assessing new snow cover

fraction parameterizations to better account for spatial snow heterogeneities.

Code and data availability. All scripts to produce the figures and results are available at: https://doi.org/10.5281/zenodo.18154778 (Lalande,
2026a). The CLASSIC code used for this study can be accessed at https://doi.org/10.5281/zenodo.18175771 (Lalande, 2026b). The SnowMIP
data used in this paper are available in the data repository PANGAEA: https://doi.org/10.1594/PANGAEA.897575 (Menard and Essery,

1135 2019). Additional snow temperatures were extracted from Lejeune et al. (2019). The Bylot driving and validating data, are available on
the Nordicana D repository: https://doi.org/10.5885/45693CE-02685A5200DD4C38 (Domine et al., 2021b). The Umiujag TUNDRA data
are available in the PANGAEA repository at https://doi.org/10.1594/PANGAEA 964743 (Domine et al., 2024a). Trail Valley Creek data are
available at https://github.com/V-Dutch/TVCSnowCLM and https://doi.org/10.5281/zenodo.7137729 (V-Dutch, 2022).
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Appendix A: Snow depth time series
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Figure A1. Snow depth time series for the DEF experiment (blue line), and the automatic (black line) and manual (black dots) observations.
The black shading represents the snow depth uncertainty of 10 cm estimated at Col de Porte (Lejeune et al., 2019) and applied to the other

sites as an indicative reference. The black vertical lines correspond to the analysis period for each site.
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Appendix B: Bottom snow temperature

The snow and bottom snow temperatures were estimated at Col de Porte and Bylot. At Col de Porte, weekly snow profiles
have been available since 1993. A trapezoidal integration was applied to obtain the bulk snow temperature and density. The
evaluation period was chosen between 2002 and 2014 to compare with the automatic SWE measurements. The bottom snow
temperature was derived from the lowest snow measurement (typically at O cm). Two example snow seasons are shown in
Figs. 4 and B1 of simulated versus observed variables. The metrics (bias and RMSE) mentioned in Sect. 2.3.2 are computed
over the whole period.

At Bylot, because the initial model version (DEF) did not simulate correct snow depth and densities (e.g., Fig 5a—d), the
observed bottom snow temperature was directly compared to the theoretical Egs. 2 and 3 in Fig. B2. The observed bulk snow
temperature is estimated by integrating (trapezoidal method) the measured snow temperatures at 2, 7, 17, 27, and 37 cm or
at 0, 5, 15, 25, 35 cm after July 2018 (Domine et al., 2021a), considering only the sensors when the snow depth exceeds
their respective height. The bottom snow temperature is estimated as the average of the shallowest soil and snow temperature
measurements, i.e., at £2 cm before July 2018, and the snow temperature measurement at O cm is taken after. The automatic
snow depth measurement was used to estimate the snow depth. A data gap is present at the end of the 2016 snow season, but

the available period for that year is still used for the comparison.
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Col de Porte, France (2010-10 - 2011-04)
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Figure B1. Same as Fig. 4 but for the period 2010-2011.
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Bylot Island, Canadian high Arctic
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1155 Appendix C: Physics improvements
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Figure C1. Same as Fig. 3 but for the DEF, TCZERO, TSNBOT, and EZERO experiments (without TVC).
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Figure C2. Same as Fig. 6 but for the DEF, TCZERO, TSNBOT, and EZERO experiments (without TVC)

49



umt

A Dbyl

»x o wij

X sap X sod

X swa
® mean (SnowMIP + Arctic)

X snb
® mean

rme

X

X cdp

e mean (Arctic)

[0
S x - 2 |- «x X| XX4m¥ X X
S = T
= x 8 = gl « KOmX| o % %o <o X
0] w 45 2
© X T .4 o| o WX X 200Ke0d o X X
2 %) o
o) ©
% X - M * Muuv m X \l\mh. Hoteed @ (XX
T T T T T T T T T T
o o - [sV} 5 o) [§V) o o < ~— o ~—
! ! o o IS o <) !
Se|q pozi[ewIoN ! ! ! Se|q pazifewIioN
se|q pazi[ewIoN Se|q pazi[ewloN
= g
S X 2 | X XMexdX X
E < o
< x + 8 x & « BXOXX| ~[X X e K X
g w g 3
© X r = X © - OB XX X X 3w e XX
2 %) 5]
5] 1]
o X B % 5|t *N® XX B Xoum e X
T T T T T T T @ T T T T T T T
‘el o [Ye] o [Ye] o ‘el o o o o o o o o o o o
R38&8° 38K 8 & g _ 8 8 ® %
| I o] SBIq uea
[wo] seiq uespy [ww] seiq uespy (0] selq W [p] seiq uespy
g x - XH x| o|e x xem x
& ) 2
< x -3 S| x e X | gp|e [xxe mx x
g W 3 £
© X T2 < (X X X ] - x% ¢ X
H ) =
=} o
Qnu M X o YI‘)U X o X (%) m - XepK X
T T T T T T T T T T T
o — o 5 0 < (aY] o o — Te] o le}
! o [} <} S [} o o
seiq umN__mE_oz _ _ _
Se|q paziewloN Se|q pazi[ewioN Selq paziewioN
) x | WX xF olda o <« o
> —_ >
s ) 2
< X X -2 S| XX X % X w. <4« o <« °
g w S £
© X X T < [X XX & X o 4 o <« )
S %) S| =
Qnu @ X X - v.«mx X o X on m\ 4 o 4 o
T T T T T T T T T T T T T T T T
[Ye] o [Ye] o Yol o [Ye] o o o o < o o o o [ee) [{e] < N o
RBR°RBR 8 8 & § § g 7
1 1 T [0.] seiq uespy
[wo] seiq uespy [ww] seiq uespy L] seiq ueow

Figure C3. Same as Fig. 7 but for the DEF, TCZERO, TSNBOT, and EZERO experiments (without TVC).
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Appendix D: Arctic sites time series

Umiujaq TUNDRA, northeastern Canada (2015-10-01 - 2020-06-01)
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Figure D1. Same as Fig. 5 but only for the snow depth (a), snow density (c), snow thermal conductivity (e), snow surface temperature (g),

and soil temperatures at 15 cm (i) at Umiujaq TUNDRA from October 2015 to the end of June 2020.
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Trail Valley Creek, northwestern Canada (2017-08 - 2019-07)
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Figure D2. Same as Fig. 5 but for the snow depth (a), snow density (c), snow thermal conductivity (e), snow surface temperature (g), and
soil temperatures at 5 and 15 cm (i, k) at TVC from September 2017 to the end of June 2019. The dark and light blue horizontal shadings
in panels (c) and (e) represent the pooled medians and interquartile ranges of wind-slab and depth-hoar properties, respectively, reported by
Dutch et al. (2022) (their Table 2). The density ranges combine the March and November 2018 and January and March 2019 field campaigns
and are extended over the full period for reference. The thermal-conductivity ranges combine the March 2018 and March 2019 campaigns

and are shown only during those months.
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