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Abstract. Snow on Antarctic sea ice strongly influences the thermodynamics and freshwater balance of the coupled sea ice–

upper ocean system. Yet understanding of its temporal and spatial variations remains limited by sparse observations, large 

uncertainties in remote sensing retrievals, and idealized model representations. We introduce a new open-source numerical 

model, the University of Washington Snow on Antarctic Ice Lagrangian (WASSAIL) model, that simulates the mass and bulk 10 

density evolution of snow on sea ice in the Southern Ocean over 2003–2025. Hourly reanalysis snowfall is accumulated along 

Lagrangian sea ice drift trajectories determined from remotely sensed ice motion fields. The single-layer model incorporates 

physically and empirically informed parameterizations of key erosion and transformation processes, including surface and 

wind-blown snow sublimation, lead trapping, rain- and non-rain-related melt, compaction from wind and overburden pressure, 

and the large-scale effects of sea ice convergence and divergence. Model parameters are calibrated using snow buoy 15 

measurements from the Weddell Sea. The resulting reconstruction indicates that over one-third of annual snowfall intercepted 

by Antarctic sea ice is lost to the atmosphere, ocean, or to melt processes prior to complete sea ice melt, with blowing snow 

sublimation as the dominant sink. Comparison with satellite snow depth retrievals further suggests that widespread snow-ice 

formation consumes 49–60 % of the remaining snow. Overall, we infer an annual meteoric freshwater input to the Southern 

Ocean originating from snow on sea ice of 237 mSv, equivalent to more than half of the freshwater flux associated with 20 

circumpolar sea ice melt.  



2 
 

1 Introduction 

In the Antarctic, the interception of snow by sea ice, its redistribution through ice transport, and subsequent melt exert a strong 

influence on water mass transformation and sea ice mass balance in the Southern Ocean (Abernathey et al., 2016; Haumann et 

al., 2016). Snow has a thermal conductivity over 6 times lower than sea ice and therefore insulates the underlying ice, reducing 25 

the rate of basal ice growth while increasing the susceptibility of sea ice to ocean heat fluxes (Semtner, 1976; Eicken et al., 

1995; Massom et al., 2001). At the same time, thick snow shields ice from solar radiation and the atmosphere, helping to 

maintain perennial ice in areas such as the western Weddell and Bellingshausen seas (Eicken et al., 1995). Thus, snow has 

competing effects on the sea ice mass budget. Recent decreases in Antarctic sea ice extent (Purich and Doddridge, 2023; Wang 

et al., 2024a) raise questions about the ongoing role of snow in sea ice mass balance, as well as in modulating the freshwater 30 

balance of the upper ocean, its stratification, and ocean-ice heat fluxes. 

Snow on Antarctic sea ice affects not only the coupled ocean-ice-snow system, but also the measurement of ice thickness itself. 

The depth and density of overlying snow must be known to account for its isostatic contribution when estimating ice thickness 

using satellite altimetry, and snow parameters are among the largest sources of uncertainty (Tilling et al., 2015). While it is 

known that snow on Antarctic sea ice is generally thicker than in the Arctic (Massom et al., 2001), its depth and density remain 35 

poorly constrained and a reliable climatological baseline is lacking (Webster et al., 2018). Available measurements are sparse 

due to the difficulty of accessing the Southern Ocean in winter. Existing measurements include visual records of snow thickness 

on ice floes overturned along the hull of passing ships (Worby et al., 2008), in situ measurements from snow pits, probes, and 

cores (e.g., Sturm et al., 1998; Arndt and Paul, 2018), and accumulation records from autonomous instruments on drifting pack 

ice and fast ice (e.g., Nicolaus et al., 2021; Arndt et al., 2024). 40 

Remote sensing offers the promise of continuous circumpolar estimates of snow depth on Antarctic sea ice, albeit with different 

challenges. Antarctic snow depth has long been estimated using empirical algorithms applied to passive microwave radiometry 

(Yan et al., 2026, and references therein), but these retrievals are sensitive to weather effects, snow wetness, salinity, and grain 

size, and ice deformation (e.g., Kern et al., 2011; Markus et al., 2011; Rostosky et al., 2020). Satellite laser or radar altimetry, 

alone or combined, have also been used (e.g., Kacimi and Kwok, 2020; Fons et al., 2023), as have airborne surveys from 45 

Operation IceBridge (OIB) (e.g., Kwok and Kacimi, 2018). Overall, the utility of remote sensing estimates has been limited 

by several factors: uncertainties in the radar penetration depth within the snowpack (e.g., Ricker et al., 2014; Kacimi and 

Kwok, 2020), short coverage periods, lack of up-to-date data, necessary time averaging, and scarcity of seasonally and 

regionally diverse validation data sets. 

Observationally constrained model reconstructions are a natural solution, but these still require validation data as well as 50 

accurate forcing and realistic process-oriented physics. The latter presents a challenge: for example, estimates of snow loss 

due to trapping of wind-blown snow in leads vary widely from 0 % to 50 % of all deposited snow (Eicken et al., 1994; Déry 

and Tremblay, 2004; Leonard and Maksym, 2011; Toyota et al., 2016; Liston et al., 2020; Clemens‐Sewall et al., 2023). The 
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importance of processes like sublimation (Fichefet and Morales Maqueda, 1999; Déry and Yau, 2002; Chung et al., 2011) and 

rainfall on snow (Dou et al., 2019; Boisvert et al., 2020; Stroeve et al., 2022) is also uncertain in the Antarctic. These processes 55 

are highly dependent on the variable weather conditions around Antarctica, where abrupt changes in wind, temperature, and 

precipitation are common (Arndt et al., 2025). Additionally, the formation of snow-ice from isostatic flooding of the snowpack 

by seawater – ubiquitous in the Antarctic, unlike in the Arctic (Massom et al., 2001) – cannot be constrained by model 

reconstructions without knowledge of sea ice thickness. 

Existing model reconstructions of snow on Antarctic sea ice have either simulated the net accumulation of snow along 60 

Lagrangian drift pathways or accounted for ice motion within a fixed Eulerian frame. For Antarctica, these include a 

climatologically forced coupled sea ice–ocean modeling study that accounted for snow-ice formation, snow surface 

sublimation, and lead trapping (Fichefet and Morales Maqueda, 1999); an Eulerian simulation forced by ERA-40 reanalysis 

that represented snow-ice formation and the effects of ice divergence (Maksym and Markus, 2008); and the recent CPOM 

Antarctic Snow on Sea Ice Simulation (CASSIS), a Lagrangian model forced by ERA5 reanalysis that incorporates blowing 65 

snow loss to the ocean, katabatic transport from the Antarctic continent, and a fixed snow-ice formation fraction (Lawrence et 

al., 2024). In the Arctic, efforts include Lagrangian reconstructions that focused on accumulation only (Kwok and 

Cunningham, 2008) or approximated the effects of sublimation and divergence (Blanchard-Wrigglesworth et al., 2018); the 

NASA Eulerian Snow on Sea Ice Model (NESOSIM), a two-layer snow budget model with parameterizations of accumulation, 

compaction, lead trapping, and ice divergence (Petty et al., 2018; Cabaj et al., 2023); and SnowModel-LG, a multilayer 70 

Lagrangian snow evolution model simulating sublimation (surface and blowing snow), melt, superimposed ice, and ice 

dynamics (Liston et al., 2020). While each approach has provided valuable insight, many have relied on ad hoc or poorly 

constrained parameterizations, which may reduce confidence in some reconstructions’ ability to accurately capture the 

temporal evolution of snow. 

A more robust reconstruction methodology could illuminate the fate of snow deposited on Antarctic sea ice by identifying the 75 

factors controlling net accumulation in time and space and quantifying when, where, and how much freshwater from snowfall 

enters the Southern Ocean. Therefore, we develop a new model of snow evolution on Antarctic sea ice, the University of 

Washington Snow on Antarctic Ice Lagrangian (WASSAIL) model, which integrates snow accumulation, erosion, and 

transformation mechanisms (Sect. 2.3). The model is driven by reanalysis and remote sensing data and calibrated and evaluated 

using in situ observations from drifting snow buoys (Sect. 2.1 and 2.2). We adapt and synthesize parameterizations with firm 80 

physical or empirical bases (Sect. 2.4) and adjust their relative magnitudes to optimize the model fit to the buoy observations 

(Sect. 2.5). Finally, we assess calibration results (Sect. 3.1); quantify the climatological snow budget, associated freshwater 

fluxes, and spatial patterns (Sect. 3.2, 3.3, and 3.4); and compare our estimates to remote sensing retrievals of snow depth, 

enabling the inference of snow-ice formation, and discuss bulk snow density (Sect. 3.5). 



4 
 

2 Data and methods 85 

2.1 Model input data 

Data used as input for the WASSAIL model to simulate snow conditions from 15 February 2003 to 14 February 2025 come 

from a variety of remote sensing and reanalysis sources. All products were regridded to the European Centre for Medium-

Range Weather Forecasts (ECMWF) ERA5 reanalysis grid, uniform in longitude and latitude (0.25° × 0.25°), using a 

geospatial bilinear remapping algorithm. 90 

2.1.1 Sea ice concentration 

Daily sea ice concentration (SIC) from passive microwave satellite radiometry, 𝑓SIC,PMW (0–100 %), measured by the Advanced 

Microwave Scanning Radiometer for EOS (AMSR-E; 2002–2011) and AMSR2 (2012–present) sensors were obtained from 

the University of Bremen’s ARTIST Sea Ice (ASI) product, version 5.4, on a 6.25 km polar stereographic grid (Spreen et al., 

2008). AMSR-E/2 data were unavailable on 289 d during the simulation period, including the 273 d from 5 October 2011 to 3 95 

July 2012 between the two sensors. These days of missing data were filled using SIC measured by the Special Sensor 

Microwave Imager (SSM/I) and Special Sensor Microwave Imager/Sounder (SSMIS) radiometers, obtained from the National 

Oceanic and Atmospheric Administration (NOAA) and National Snow and Ice Data Center (NSIDC) Climate Data Record 

(CDR) product, version 5, through 31 December 2024 and the NOAA/NSIDC Near-Real-Time (NRT) CDR product, version 

3, from 1 January 2025 onwards, both provided on a coarser, 25 km grid (Meier et al., 2024a, b). Additionally, AMSR-E/2 100 

SIC data were partially missing on 41 d, typically within narrow streaks or swatches, identified when >750 grid cells showed 

≥50 % SIC differences between the AMSR and CDR products after remapping to the ERA5 grid and filling missing values 

with a SIC of 0 %. On these days, the CDR or NRT CDR estimates were substituted in the missing cells. Both the ASI and 

CDR algorithms likely underestimate SIC in thin, compact ice (Ivanova et al., 2015), with implications for accurately 

estimating lead fractions and constraining blowing snow loss. 105 

2.1.2 Passive microwave snow depth 

Passive microwave snow depth retrievals from AMSR-E and AMSR2 are used for model initiation each year and for validation. 

The NSIDC AMSR-E/2 Level 3 products on a 12.5 km polar stereographic grid are derived from an empirical algorithm 

developed using SSMI data in the Southern Ocean based on the spectral gradient ratio between the 18.7 and 37 GHz vertical 

polarization channels (Markus and Cavalieri, 1998; Cavalieri et al., 2014; Meier et al., 2018). Limitations include a technical 110 

upper retrieval limit of 0.5 m and applicability to dry snow conditions only, though values >0.5 m are still provided. These 

generally occur only in the western Weddell Sea at free-running model initiation (15 February of each year; see Sect. 2.3), so 

potential biases mainly affect this region of multiyear sea ice and the northern Weddell Sea, which receives advected ice. 

Validation of AMSR-E snow depths against Arctic OIB measurements showed a mean difference of 0 ± 7 cm (Brucker and 
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Markus, 2013), whereas comparison between a comparable AMSR2 product and OIB in the Antarctic – focusing largely on 115 

regions with multiyear ice, whose emission signal can resemble snow – found a bias of –19 cm (Shen et al., 2022). 

Due to weather contamination and uncertainties in snow grain size and density, the daily fields are provided as 5 d running 

means; we treat them as representing the central (third) day. After regridding, snow depths from 5 d before to 5 d after 

Lagrangian parcel initialization were averaged to further reduce noise, such as from weather effects. During the AMSR-E/2 

gap (October 2011–July 2012), the climatological value of these averages over 2003–2025 was used for model initialization 120 

instead. 

2.1.3 Sea ice motion 

Remotely sensed sea ice motion estimates determine the movement of Lagrangian parcels in the model (Fig. 1a). For this, we 

use the NSIDC Polar Pathfinder daily product, version 4.1, through 31 December 2023 and the NSIDC “Quicklook” weekly 

product, version 1, from 1 January 2024 onwards, both provided on a 25 km Equal-Area Scalable Earth (EASE) grid (Tschudi 125 

et al., 2019a, b, 2020). These 24 h composite estimates track ice displacement from SSM/I and SSMIS brightness temperatures 

using maximum cross-correlation techniques. 

Schwegmann et al. (2011) evaluated the Polar Pathfinder product, version 3, against a compilation of Weddell Sea drifting sea 

ice buoys and found drift speeds were biased low by 34.5 % (mean Δ𝑢i = –1.2 cm s–1 and Δ𝑣i = –1.0 cm s–1). Nonetheless, 

drift vector components were well-correlated with the buoys (r ≈ 0.6), indicating good agreement in drift direction. In version 130 

4, corrections to over-filtering of motion vectors increased Antarctic-wide drift speeds by ~1 cm s–1 during the SSM/I–SSMIS 

period from 1987 onwards (Tschudi et al., 2020) and addressed circular artifacts that had been previously identified (Szanyi 

et al., 2016). As version 4 largely resolves the slow bias assessed by Schwegmann et al. (2011), we do not apply the scaling 

factor of 1.357 calculated by Haumann et al. (2016) for the version 3 data. 

Prior to remapping to the ERA5 grid, the EASE-oriented ice motion components were rotated to yield eastward and northward 135 

vectors (𝑢i , 𝑣i). Weekly data for 2024–2025 were assigned to the central (fourth) day and linearly interpolated to daily 

resolution, and linear interpolation was also used to fill 9 missing days during 2003–2023. Grid cells with missing drift vectors 

but SIC >0 % – typically within two narrow bands along the ice edge and the Antarctic continent – were filled using two-

dimensional nearest-neighbor interpolation based on grid cell indices (rather than geospatial distance). This approach prevents 

simulated Lagrangian sea ice parcels adjacent to the Antarctic continent from remaining static and accumulating excessive 140 

amounts of snow, though it allows some parcels to unrealistically originate from or transit through areas of landfast ice. A 

visual comparison of parcel trajectories with a mapping of Antarctic fast ice indicates this is uncommon, except near the 

persistent fast ice offshore of the Filchner-Ronne Ice Shelf in the Weddell Sea (Fraser et al., 2021). 
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Figure 1. Simulated sea ice parcels and observed snow buoy drift trajectories. (a) One year of sea ice parcel advection simulated from 15 
February 2021 to 14 February 2022, with parcel movement determined using remotely sensed ice motion vectors. Every 250th parcel is 
shown here. Lines are colored by the reconstructed net snow accumulation. (b) Drift trajectories of the 39 snow buoys in the Weddell Sea 
from 2013 to 2025, with colors indicating net snow accumulation measured by the buoys and grey lines indicating periods lacking data. 
Buoy assignments to the data sets used for model calibration and validation are denoted using solid and open lines, respectively. Green and 
red triangles mark the locations of the deployment and final valid measurement of buoy 2014S9, whose observations are examined in Fig. 
5. (c) Example showing the computed Voronoi tessellation of simulated sea ice parcels in the Weddell Sea on 15 August 2021, with the 
color of each polygon indicating net snow accumulation. 

 

(a) (b)

(c)
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2.1.4 Atmospheric reanalysis 

ECMWF’s ERA5 fifth-generation atmospheric reanalysis, produced using 4D-Var data assimilation, provided input to the 145 

snow model parameterizations (Hersbach et al., 2020; Copernicus Climate Change Service, 2023). Hourly 0.25° × 0.25° fields, 

including preliminary near real-time data from 2025, were obtained for: time-mean snowfall rate (𝑆) and total precipitation 

rate (𝑃tot, kg m–2 s–1), from which rainfall rate (𝑅 = 𝑃tot − 𝑆; expressed below in kg m–2 h–1) was calculated; eastward and 

northward 10 m wind components (𝑢+,, 𝑣+,; m s–1), from which wind speed (𝑈+,) was derived; 2 m air temperature (𝑇a, °C); 

2 m dewpoint temperature (𝑇d, K); and surface atmospheric pressure (𝑃s, hPa). 150 

Evaluation of ERA5 against other reanalyses shows strong consistency in the spatial patterns and interannual variability of 

snowfall over the Southern Ocean but a spread of ~200 mm per year in snowfall magnitude across five products (Boisvert et 

al., 2020). Within the ice-covered region, ERA5 snowfall exhibits a spatial distribution similar to CloudSat-derived estimates. 

The large uncertainty in snowfall magnitude, but not its large-scale patterns, motivates the inclusion of a scaling parameter for 

ERA5 snowfall in our model calibration, a practice that has been implemented in other snow modeling applications (e.g., 155 

Liston et al., 2020). 

As with other atmospheric analyses, ERA5 exhibits a warm bias in estimated surface temperature over Antarctic and Arctic 

sea ice, likely stemming from its representation of low clouds and from treating sea ice as a constant-thickness slab without 

snow cover (Graham et al., 2019; Wang et al., 2019, 2024b). Nonetheless, we use near-surface air temperatures from ERA5 

without correction for two reasons: biases appear small near 0 °C (Graham et al., 2019; King et al., 2022), where they would 160 

be most consequential, and are only well-quantified in the Antarctic for sea ice skin temperatures – rather than near-surface 

air temperatures – under clear-sky conditions (Wang et al., 2024b), which are less relevant to snow mass accumulation and 

loss processes. 

Other key ERA5 parameters appear reasonably accurate over sea ice, with studies reporting minimal 10 m wind speed bias 

(<0.2 m s–1 at wind speeds >5 m s–1) and small surface pressure biases over Weddell Sea pack ice (King et al., 2022) as well 165 

as negligible 10 m wind speed bias over Arctic sea ice (Graham et al., 2019). 

2.2 Calibration, validation, and comparison data 

2.2.1 Snow buoys 

Snow accumulation observations from 39 snow buoys drifting on sea ice in the Weddell Sea between 2013 and 2025 (Nicolaus 

et al., 2017) are used to calibrate free parameters in the snow model and validate the optimized model (Fig. 1b). We exclude 170 

two snow buoys with short records (2025S142, 2025S143) and six that remained relatively stationary on landfast ice in Atka 

Bay, Queen Maud Land, but include six others deployed on fast ice in Atka Bay that later broke out into the Weddell Sea 

(2018S56, 2019S88, 2020S55, 2022S110, 2023S111, 2024S120). The snow buoys, developed by the Alfred Wegener Institute 

(AWI) and MetOcean Telematics, consist of a main body installed below the ice surface and a mast carrying a cross-shaped 
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frame with four ultrasonic sensors 1.5 m above the main body, each measuring the distance to the snow surface at 175 

approximately hourly resolution with an accuracy of 1 cm (Nicolaus et al., 2021). The platform also includes a surface 

temperature sensor (with an accuracy of 0.5 °C), barometer, ice ablation shield, and GPS and data transmission modules. Buoy 

lifetimes range from ~1 month to 1–2 years. We average snow height across the four ultrasonic sensors and linearly interpolate 

gaps of ≤1 d. Near-real-time data from active buoys 2025S135, 2025S141, and 2025S144 were quality-controlled by removing 

data spikes, defined from visual inspection as any measurement ≥0.9 m. The full set of 39 buoys was randomly partitioned 180 

~75 %–25 % into a “calibration set” of 29 buoys and a “validation set” of 10 buoys (labeled in Figs. 1b and 4). 

The Lagrangian nature of snow buoy records, collected on drifting ice floes, enables a direct comparison with simulated 

Lagrangian parcels. Additionally, snow buoys track changes in the surface (air–snow or air–ice) interface relative to their 

deployment baseline, so basal snow-ice conversion following seawater infiltration will reduce actual snow depth (or thickness) 

with minimal change in the measured surface height, or net snow accumulation (Arndt et al., 2024). This is advantageous for 185 

model calibration, as snow-ice conversion is not represented in our model and thus buoy data provide a close analogue to 

reconstructed snow accumulation along the same drift trajectories, albeit as point measurements rather than grid cell averages. 

By contrast, ship-based snow depth observations exclude snow incorporated into basal layers of ice and are also known to be 

biased toward thinner, undeformed sea ice and snow due to the nature of ship navigation (Worby et al., 2008). These caveats 

preclude a meaningful comparison with our model, so we do not use ship-based observations from the Antarctic Sea Ice 190 

Processes and Climate (ASPeCt) archive for calibration or validation – in contrast to the approach taken with CASSIS 

(Lawrence et al., 2024). 

2.2.2 CryoSat-2 snow depth estimates 

A retrieval of snow depth on Antarctic sea ice from CryoSat-2 radar altimetry is compared with model output, alongside 

AMSR-E/2 snow depth estimates. The CryoSat-2 method estimates snow depth by applying waveform modeling and an 195 

optimization procedure to individual radar returns, which in theory identifies the true snow-ice interface and avoids 

underestimation biases that arise when a shallower scattering horizon within the snowpack (often caused by seawater wicking) 

is mistaken for that interface (Fons et al., 2023). The retrieved snow depths compare well with a separate product derived from 

CryoSat-2 and ICESat-2 (Kacimi and Kwok, 2020) and, as expected, skew higher than ship-based ASPeCt observations. The 

monthly estimates span July 2010–August 2021 and are provided on a 25 km polar stereographic grid; here they are averaged 200 

into a monthly climatology and remapped to the ERA5 grid as described in Sect. 2.1. 
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2.3 Model overview 

The single-layer WASSAIL model is intended to capture the most critical accumulation, loss, and transformation processes 

for reconstructing snow depth and density on Antarctic sea ice, with sufficient complexity to express key parameter 

dependencies (Fig. 2) while remaining computationally efficient enough for iterative calibration (Sect. 2.5). The model budget 205 

for snow accumulation on sea ice is expressed as the sum of the following terms (all in units of meters of snow per hour), 

which act sequentially in the order listed:  

𝜕ℎs
𝜕𝑡 = 𝑄dyn − 𝑄dens − 𝑄melt − 𝑄rain + 𝑄dep − 𝑄sub − 𝑄lead − 𝑄surf	, (1) 

where 01s
02

 is the net accumulation rate of snow depth; 𝑄dyn represents the net large-scale effect of sea ice dynamics, namely 

area-averaged snow thickening due to ice convergence and thinning due to divergence and subsequent snow-free new ice 210 

formation; 𝑄dens is mechanical compaction of the snowpack; 𝑄melt and 𝑄rain are non-rain-related and rain-related snow melt, 

respectively, with meltwater assumed to refreeze into a layer of superimposed ice; 𝑄dep is the rate of new snow deposition, 

accounting for wind-enhanced compaction of fresh snow; 𝑄sub is sublimation of wind-blown snow; 𝑄lead is loss from blowing 

 
Figure 2. Summary of snow input, loss, and transformation processes represented in the University of Washington Snow on Antarctic Ice 
Lagrangian (WASSAIL) model. For each process, we note its primary originating source(s) and dependencies on input data and parameters 
(beyond snow depth and bulk density). 𝑇s refers to the snow surface temperature. 
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snow trapped in leads, assumed to melt into the ocean; and 𝑄surf is sublimation from the snow surface. Free parameters are 

included in all budget terms except 𝑄dyn, enabling their joint adjustment to optimize the model fit to snow buoy observations 215 

(Sect. 2.5). Model parameter settings and constants are summarized in Table 1. 

The model evolves four main state variables: snow depth, ℎs (m); bulk snow density, 𝜌s (kg m–3); superimposed ice thickness, 

ℎi,sup (m); and parcel area (km2; see Sect. 2.4.7). In brief, ERA5 hourly reanalysis snowfall is accumulated along Lagrangian 

trajectories determined by Polar Pathfinder sea ice motion vectors. Changes in snow depth and bulk density due to the 

deposition, loss, and transformation processes in Eq. (1) are then computed using ERA5 reanalysis variables, supplemented 220 

by passive microwave SIC data (Sect. 2.4). Lastly, model output along the trajectories is binned and gridded in a volume- and 

mass-conserving manner, allowing analysis in an Eulerian frame of reference (Sect. 2.4.8). 

The model is normally initialized with Lagrangian “parcels”, each representing a large region of drifting sea ice. In calibration 

mode, however, each parcel corresponds to point measurements from a snow buoy, with parcel trajectories in longitude, 

latitude, and time prescribed by the buoy record. In free-running mode, parcels are initialized on February 15, near the 225 

climatological Antarctic sea ice extent minimum, and evolve until February 14 of the following year. Parcels are then re-

initialized without memory of the prior year, preventing interannual drift from accumulated biases and enabling efficient 

parallelization of one-year model runs across multiple server cores. This procedure, however, limits the model’s influence on 

snow over multiyear sea ice.  

The model period (15 February 2003–14 February 2025) was chosen based on the availability of AMSR-E/2 snow depth data 230 

beginning in June 2002. In free-running simulations, sea ice parcels are initialized at every 0.25° × 0.25° grid point where SIC 

≥ 𝑓SIC,0 = 15 %, with initial snow depth set to the ±5 d average AMSR-E/2 value (see Sect. 2.1.2). In calibration mode, parcels 

are instead initialized at the precise snow buoy locations using the ±5 d average AMSR-E/2 snow depth from the nearest grid 

cell. The snow density on pre-existing parcels is set initially at 𝜌s,, = 320 kg m–3 (Massom et al., 1997; Song et al., 2020), 

which is also used to normalize terms in the snow depth tendency budget (Fig. 7), and superimposed ice thickness is initialized 235 

as 0 cm. In free-running mode, parcel areas are calculated at initialization using Voronoi tessellation (Sect. 2.4.7; Fig. 1c). 

The model advances using an outer loop with a daily time step that updates parcel locations, creates new parcels, and removes 

parcels that no longer represent sea ice. In free-running simulations, parcel longitude and latitude are updated using the azimuth 

and displacement derived from the previous day’s Polar Pathfinder ice motion vectors. Parcels whose nearest-grid-point SIC 

≤ 𝑓SIC,0 are marked as having ceased to exist – that is, the ice is assumed to have completely melted into the ocean. Under this 240 

simplification, sea ice presence is treated as binary; existing snow depths are unaffected by SIC fluctuations between 𝑓SIC,0 and 

1.0, though new snowfall is reduced to account for direct fluxes into leads (Sect. 2.4.2). When a parcel is removed, the model 

records the deposition of its snow and superimposed ice into the ocean, storing the date, the midpoint location between the 
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previous and current day, and the released snow depth (normalized to 𝜌s,,) and superimposed ice thickness (using 𝜌i,sup = 850 

kg m–3, Nicolaus et al., 2003). 245 

New parcels, representing newly formed sea ice along the ice edge or in open-water regions within the ice pack, are introduced 

by first binning existing parcels onto the ERA5 grid and then instantiating new parcels at grid-cell centers where SIC ≥ 𝑓SIC,0 

yet no parcels are present. In free-running mode, new parcels begin with ℎs = ℎi,sup = 0 cm and 𝜌s = 𝜌s,,; in calibration mode, 

they are initialized using the ±5 d mean AMSR-E/2 snow depth nearest to buoy locations. Parcel areas are then updated for all 

active parcels and used to rescale ℎs and ℎi,sup in a volume-conserving manner to reflect large-scale ice convergence and 250 

divergence (Sect. 2.4.7). Approximately 500,000 parcels are formed and tracked in each one-year free simulation. 

An inner model loop with an hourly time step updates the snow and ice state variables using the physical parameterizations 

described in Sect. 2.4. In free-running simulations, reanalysis and SIC values are obtained from the grid point nearest to the 

Table 1. Parameter settings and constants in the snow model. 

Parameter  
or constant 

Value Significance and origin 

Δ𝑡  1 h Model time step for calculation of all snow depth tendency terms in Eq. (1) except for 𝑄dyn 

𝜌s,' 320 kg m–3 Bulk snow density for model initiation and normalization of fluxes in model output (Massom 
et al., 1997; Song et al., 2020) 

𝜌i,sup  850 kg m–3 Superimposed ice density (Nicolaus et al., 2003) 

𝜌i  917 kg m–3 Density of sea ice 
𝜌w  1000 kg m–3 Density of liquid water 
𝑓SIC,0 0.15 Sea ice concentration threshold for sea ice parcel existence 

𝛿*  ±0.25 Parcel area scaling tolerance when accounting for convergent or divergent ice motion 
𝑘+ 4000 K Baseline value of the parameter representing temperature dependence of the snow compactive 

viscosity (Pitman et al., 1991) 
𝑅thresh  0.25 mm h–1 Minimum rainfall rate for rain-on-snow melt parameterization (Anderson, 2006) 
UADJ  0.15 mm mbar–1  

(6 h)–1 
6 h mean wind function factor in the NWS SNOW-17 model rain-on-snow parameterization 
(Franz et al., 2008) 

𝜎  6.12× 10–10  
mm SWE K–4 h–1 

Stefan–Boltzmann constant, expressed in terms of snow melt (Anderson, 2006) 

𝑃s,'  1012 mbar Approximate surface atmospheric pressure 

𝑧', 𝑧,  1 × 10-. m Aerodynamic roughness lengths for momentum and moisture over sea ice (Jordan et al., 1999) 

𝑅d  287.053 J K–1 kg–1 Dry air gas constant (Stull, 2000) 
𝑅v  461.5 J kg–1 K–1 Individual gas constant for water vapor (Rogers and Yau, 1989) 
κ  0.4 von Kármán constant 
𝑇'  273.16 K Freezing temperature of fresh water 
𝑔  9.8 m s–2 Acceleration due to gravity 
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parcel’s linearly interpolated mid-day (12:00) position. In calibration mode, the actual hourly positions of the snow buoys are 

used instead. 255 

2.4 Parameterizations of snow processes 

2.4.1 Compaction from overburden pressure 

Snowpack density increases – and depth decreases – over time due to mechanical compaction and fragmentation of snow 

grains under the overlying load of snow and air, a metamorphic process that accelerates at warmer temperatures. We adopt the 

parameterization for snow settling (densification due to self-loading) from Pitman et al. (1991), based on a model by Kojima 260 

(1967) calibrated to field measurements of terrestrial snow in Japan. It assumes an approximately isothermal snow layer; as an 

approximation, we equate snowpack temperature with the 2 m air temperature, 𝑇a (°C). The rate of change of bulk snow density 

(kg m–3 s–1) is given by: 

𝜕𝜌s
𝜕𝑡 =

1
2ℎs𝜌s

;𝑔 ⋅ (10<	m	s	kg–1) ⋅ expC14.643 −
𝛾dens?+ 𝑘@

min(𝑇,, 𝑇, + 𝑇a)
− 0.02𝜌sL	, (2) 

where 𝑔 is gravitational acceleration (9.8 m s–2), 𝑇,  is the freezing temperature of fresh water (273.16 K), and 𝑘@  is an 265 

empirical parameter governing the temperature dependence of snow’s compactive viscosity. Validation of a land surface model 

that applies this formulation to a single-layer snowpack showed reasonable skill in simulating snow properties after tuning 𝑘@ 

(Slater et al., 1998); Kojima (1967) suggested a range of 2600–4600 K for 𝑘@. Here we adopt an initial estimate of 4000 K, 

following Pitman et al. (1991), and include an inverse scaling factor 𝛾dens for model calibration, such that larger 𝛾dens produces 

more rapid compaction. This factor likely subsumes the influence of other snow diagenetic processes not explicitly represented 270 

(e.g., grain sintering) and may also reduce bulk compaction rates to account for depth hoar or wind slab layers that inhibit 

settling (Sturm et al., 2002). 

After computing the change in snow density, Δ𝜌s, over one time step (Δ𝑡 = 1 h), the corresponding change in snow depth (units 

of meters per hour) is calculated as: 

𝑄dens =
ℎs|2?+
Δ𝑡 N

Δ𝜌s
𝜌s|2?+ + Δ𝜌s

O	. (3) 275 

2.4.2 Wind-enhanced compaction of fresh snowfall 

During blowing snow events, new and recently deposited snow grains fragment during collisions with each other or the snow 

surface and become more rounded through abrasion and enhanced sublimation. This promotes more efficient packing upon 

settling, substantially increasing the density of the surface snow layer relative to fresh snowfall (Walter et al., 2024). We adopt 

an empirical parameterization developed by Groot Zwaaftink et al. (2013) based on 128 measurements of surface (upper 10 280 
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cm) snow density on the Antarctic Plateau, with a modification by Keenan et al. (2021) that extends it to all wind speeds. For 

simplicity, this formulation is applied to all new snowfall, whose density 𝜌s,new is set at: 

𝜌s,new = (361	kg	m–3) ⋅ log+,R𝑈+,,+,,hS + (33	kg	m–3)	when 𝑈+,,+,,h > 1	m	s?+ , (4) 

𝜌s,new = 33	kg	m–3	when 𝑈+,,+,,h ≤ 1	m	s?+. (5) 

Similar to Groot Zwaaftink et al. (2013), we use the 100 h forward-looking (left-edge) rolling mean 10 m wind speed, 𝑈+,,+,,h 285 

(m s–1), to reflect the timescale over which wind packing occurs following a snowfall event, before a new snow layer becomes 

strongly bonded by sintering and wind crust formation. For example, an equation developed by Box et al. (2004) to 

parameterize these effects based on the force required to disaggregate bonds in snow particles of a certain age (their Eq. 5) 

suggests that only about one-third of a fresh snow layer remains available for aeolian transport 100 h after deposition. For 

computational efficiency, the model implementation of 𝑈+,,+,,h relies on winds averaged at the snowfall location, implicitly 290 

treating drifting sea ice as stationary over the 100 h averaging period. 

To obtain the change in snow depth from new snowfall over Δ𝑡 = 1 h (𝑄dep, m h–1), we apply a scaling factor 𝛾new to calibrate 

the ERA5 reanalysis snowfall rate 𝑆  (kg m–2 s–1), whose magnitude may be biased (see Sect. 2.1.4). In free-running 

simulations, snowfall is further scaled by ice concentration, 𝑓SIC,PMW: 

𝑄dep = 𝑓SIC,PMW ⋅
𝛾new	𝑆
	𝜌s,new

⋅
(3600 s)
Δ𝑡 	 . (6) 295 

The remaining fraction, 𝑓OW = 1 − 𝑓SIC,PMW, represents a direct flux to the ocean and is not considered in this study. The bulk 

snow density is then updated as a weighted average of the pre-existing and freshly deposited snow.  

2.4.3 Non-rain and rain-related snow melt 

We implement two snow-melt parameterizations: one for melt driven by changes in snowpack net energy balance associated 

with radiative fluxes and warm air when rainfall is absent or negligible (hereafter “non-rain” conditions), and one for melt 300 

during rain-on-snow (ROS) events. Because our model does not explicitly resolve snow thermodynamics, we adopt simple 

formulations from the National Weather Service (NWS) SNOW-17 operational model (Anderson, 1973, 1976, 2006), which 

has been used for decades in snowmelt and streamflow forecasting. Although developed for land, these functional forms 

capture fundamental dependencies on air temperature and rainfall rate; we add three free parameters for calibration to Antarctic 

sea ice conditions. Melt is permitted only when some portion of the snowpack has warmed to the freezing point, which both 305 

parameterizations assume has occurred; we rely on the tuning parameters to compensate if melt is otherwise predicted too 

frequently. The original ROS formulation further assumes minimal solar radiation due to overcast conditions, dewpoint and 

rain temperature equal to the 2 m air temperature 𝑇a, and high relative humidity (~90 %). 
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Both snowmelt and rainfall liquid water mass are conserved in the model, assumed to percolate downward before refreezing 

within a new or existing superimposed ice layer with density 𝜌i,sup = 850 kg m–3 (Nicolaus et al., 2003). Superimposed ice has 310 

been observed at the base of the snowpack on Antarctic sea ice (e.g., Arndt et al., 2021), although buried surface crusts can 

also form internal ice layers that intercept percolating meltwater (Massom et al., 2001). Our single-layer model is agnostic to 

the formation depth of these layers, and their combined thickness, ℎi,sup, is tracked as superimposed ice. 

Non-rain melt is approximated using a “degree-day” approach and is active during hourly periods with no rain or only light 

rainfall (𝑅 < 𝑅thresh, where 𝑅thresh = 0.25 mm h–1 = 0.25 kg m–2 h–1, per Anderson, 2006). 𝑄melt (m snow h–1) is computed as 315 

the smaller of the predicted melt rate or the available snow depth divided by the time step: 

𝑄melt = minX
ℎs
Δ𝑡,	

𝜌w
10E𝜌s

⋅ 	𝛾meltRmax(0	°C, 𝑇a − 𝑇base) + 𝛾rain ⋅ 𝑀r,directS[	, (7) 

where 𝜌w is the density of liquid water (1000 kg m–3) and 𝛾melt is an empirical 6 h “melt factor” relating melt rate to air 

temperature for a specific region. For reference, Girotto et al. (2024) offer a range of 1–2 mm snow water equivalent (SWE) 

°C–1 (6 h)–1 for maximum summer melt in an alpine setting; we treat 𝛾melt as a tunable parameter. 𝑇base is the threshold air 320 

temperature above which snow melt tends to occur (“MBASE” in SNOW-17), typically near 0 °C (Anderson, 1973), and is 

also treated as tunable. 

𝛾rain is the tunable scaling parameter for ROS melt. 𝑀r,direct (mm SWE h–1) in both Eqs. (7) and (9) represents melt from 

energy released directly within the snowpack by rainfall 𝑅 (kg m–2 h–1), including trace amounts: 

𝑀r,direct = R12.5	°C–1S ⋅ max(𝑇a, 0	°C) ⋅
𝑅
𝜌w
	 . (8) 325 

ROS melt applies during hourly periods of significant rainfall (𝑅 ≥ 𝑅thresh), with melt rate 𝑄rain (m snow h–1) given as the 

sum of three terms, including 𝑀r,direct: 

𝑄rain =
𝜌w
10E𝜌s

⋅ 𝛾rain ⋅ R𝑀r,direct +𝑀r,rad +𝑀r,turbS	. (9) 

The second term, 𝑀r,rad (mm SWE h–1), represents melt from net radiative transfer under the meteorological conditions typical 

of rainfall, notably enhanced downward longwave radiation: 330 

𝑀r,rad = max N 0	mm SWE h–1,
𝜎 ⋅ [(𝑇a + 𝑇,)H − 𝑇,H]

O	 , (10) 

where 𝜎 is the Stefan–Boltzmann constant, expressed as snow melt (6.12 × 10–10 mm SWE K–4 h–1). 

The third term, 𝑀r,turb (mm SWE h–1), represents melt due to turbulent latent and sensible heat exchange during rainfall events: 
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𝑀r,turb = maxN
0	mm SWE	h–1,

8.5 ⋅ UADJ ⋅ iR0.00057	°C–1S𝑃s,0𝑇a + (0.9𝑒s − [6.11	mbar])kO	 , (11) 

in which UADJ is the empirical mean 6 h wind function factor during ROS periods in SNOW-17 (0.15 mm SWE mbar–1 [6 h]–335 
1; Franz et al., 2008), 𝑃s,, is a representative surface pressure (1012 mbar), and 𝑒s (mbar) is the saturation vapor pressure over 

water at 𝑇a, computed using an empirical formula from Rogers and Yau (1989): 

𝑒s = 6.112	exp N
17.67	𝑇a
𝑇a + 243.5

O	. (12) 

Processes related to liquid water retention in the snowpack are not explicitly represented, as rainfall and snowmelt are assumed 

to freeze rapidly; their cumulative effects may instead be incorporated through the tuning parameters. Relevant processes 340 

include melt metamorphism, enhanced destructive (equi-temperature) metamorphism, and reduced compactive viscosity in the 

presence of liquid water (e.g., Anderson, 1976; Yamazaki et al., 1993; Abolafia‐Rosenzweig et al., 2024). Rain-driven 

metamorphism may also increase bulk snow density (Stroeve et al., 2022), but this parameterization does not resolve such 

density changes. 

2.4.4 Snow surface sublimation 345 

Static-surface sublimation or deposition may occur as continuous exchange between the air and the snow surface (or sea ice 

surface, if bare of snow). Similar to the reanalysis-based reconstruction of Déry and Yau (2002), we assume that the shallow 

near-surface air layer quickly becomes saturated, so surface sublimation is minimal during blowing snow events. We therefore 

consider surface sublimation to be conditional on 10 m wind speed, 𝑈+, (m s–1), remaining below the threshold at which dry 

snow transport by saltation begins. This threshold depends on cohesion and frictional forces between snow particles and during 350 

collisions, which vary with ambient temperature. We set the threshold 10 m wind speed for snow transport, 𝑈t (m s–1), using 

the temperature-dependent formula of Li and Pomeroy (1997), with 𝑎 = 9.43 m s–1, 𝑏 = 0.18 m °C–1 s–1, and 𝑐 = 0.0033 m °C–

2 s–1: 

𝑈t = 𝑎 + 𝑏𝑇a + 𝑐𝑇a;	. (13) 

Field measurements of blowing snow onset on Arctic and Antarctic sea ice support this empirical relationship (Ranjithkumar 355 

et al., 2025). Following van den Broeke (1997) and Déry and Yau (2002), the supply-limited surface sublimation, 𝑄surf (m 

snow h–1; positive for net sublimation and negative for net deposition), is calculated as: 

𝑄surf = max N
ℎs
Δ𝑡, 	− 𝛾surf	𝜌a	𝑢

∗𝑞∗ ⋅
(3600 s)
𝜌s ⋅ Δ𝑡

O 		when 𝑈+, < 𝑈t	, (14) 

𝑄surf = 0	m	h?+	when 𝑈+, ≥ 𝑈t	. (15) 
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In Eq. (14), 𝛾surf is a tunable scaling factor and 𝜌a is air density (kg m–3), computed following Stull (2000) as: 360 

𝜌a =
100𝑃s

𝑅d(𝑇a + 𝑇,) ⋅ (1 + 0.61𝑞v)
	 , (16) 

where 𝑃s is surface pressure from ERA5 (hPa) and 𝑅d is the dry-air gas constant (287.053 J K–1 kg–1). 𝑞v is specific humidity 

(kg kg–1), computed using the 2 m dewpoint temperature from ERA5 (𝑇d; in Kelvin scale) using a form of the Magnus–Tetens 

equation from Kong and Yau (1997): 

𝑞v =	
(3.8	hPa)

𝑃s
expC

17.27(𝑇d − 𝑇,)
𝑇d − (35.86	K)

L	. (17) 365 

The remaining factors are friction velocity, 𝑢∗ (m s–1), a measure of shear-driven turbulence, and the humidity scale, 𝑞∗ (kg 

kg–1), the scale of turbulent moisture fluctuations. Following Garratt (1992), they are defined as: 

𝑢∗ =
κ𝑈+,

ln N[10 m] + 𝑧,
𝑧,

O	
	 , (18) 

𝑞∗ =
κ𝑞i,sat(RHi − 1)

ln N
[10 m] + 𝑧M

𝑧M
O	
	 . (19) 

In these formulae, κ is the von Kármán constant (0.4) and 𝑧, and 𝑧M (m) are aerodynamic roughness lengths for momentum 370 

and moisture, respectively, which we take to be equal, 𝑧, = 𝑧M. We adopt 𝑧, = 1 × 10?E m, a typical sea-ice value (Jordan et 

al., 1999) that lies between values of 5 × 10?H m (Andreas et al., 2010) and 4.1 × 10?E m (Weiss et al., 2011) obtained for 

Antarctic sea ice using different techniques. RHi is relative humidity with respect to ice at 2 m: 

RHi =
𝑞v
𝑞i,sat

	 , (20) 

where 𝑞i,sat is the saturation mixing ratio over ice (kg kg–1) from Kong and Yau (1997), noting that 𝑇a is in degrees Celsius, 375 

unlike 𝑇d in Eq. (17): 

𝑞i,sat =	
(3.8	hPa)

𝑃s
exp N

21.87	𝑇a
𝑇a + 𝑇, − (7.66 K)O	. (21) 

In saturated conditions (RHi > 1.0), 𝑞∗ becomes positive and net deposition, rather than sublimation, occurs. 
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2.4.5 Blowing snow sublimation 

Blowing snow occurs when wind entrains loose snow particles from sea ice. While in suspension, snow grains can sublimate 380 

if the atmospheric boundary layer is subsaturated. We consider the following parameterization to be a maximum potential 

sublimation rate, 𝑄sub,max (m h–1), neglecting snow supply, which is addressed below using the partitioning with 𝑄lead,max in 

Eq. (31). 𝑄sub,max depends on wind speed, temperature, and humidity and was derived by Déry and Yau (2001) using a double-

moment numerical model of blowing snow, yielding estimates that correlated well (𝑟; = 0.95) with sublimation observations 

from a Canadian Arctic tundra site. Blowing snow sublimation is permitted only when 𝑈+, ≥ 𝑈t, as specified in Eq. (13); 𝑇a <385 

0	°C; and air is subsaturated with respect to ice. We include a unit conversion factor, 𝑘 (1.1574 × 10?O d s–1), and a tunable 

scaling factor, 𝛾sub: 

𝑄sub,max =	𝛾sub	𝑘	𝑄subP ⋅
(3600	s)
𝜌s ⋅ Δ𝑡

		when 𝑇a < 0	°C,	𝑈+, ≥ 𝑈t,RHi ≤ 1.0	, (22) 

𝑄sub,max = 	0	m	h?+		when 𝑇a ≥ 0	°C,	𝑈+, < 𝑈t,	or RHi > 1.0	. (23) 

The expression 𝑄sub′ is defined as: 390 

𝑄subP = N𝑎, + 𝑎+𝜉 + 𝑎;𝜉
; + 𝑎E𝜉E + 𝑎H𝑈+, + 𝑎O𝜉𝑈+,

+	𝑎Q𝜉;𝑈+, + 𝑎<𝑈+,; + 𝑎R𝜉𝑈+,; + 𝑎S𝑈+,E
O 	kg m–2 d–1	, (24) 

where dimensionless coefficients 𝑎,–𝑎S are listed in Table A1 and 𝜉 (m2 s–1) is a thermodynamic term in which 𝜌i is sea ice 

density (917 kg m–3): 

𝜉 =
−1 × 10+; ⋅ (RHi − 1)

2𝜌i(𝐹T + 𝐹U)
	 . (25) 

𝐹T and 𝐹U (m s kg–1) represent the temperature-dependent conductivity and diffusion terms associated with snow sublimation. 395 

Following Rogers and Yau (1989; Eq. 7.17): 

𝐹T = C
10E ⋅ 𝐿

𝑅v(𝑇a + 𝑇,)
− 1L

10E ⋅ 𝐿
𝐾𝑇a

	 , (26) 

𝐹U =
𝑅v(𝑇a + 𝑇,)
10; ⋅ 𝐷𝑒s

	 . (27) 

In these expressions, 𝑅v is the individual gas constant for water vapor (461.5 J kg–1 K–1), 𝑒s is saturation vapor pressure over 

water (mbar; Eq. 12), 𝐿 is latent heat of condensation (J g–1), 𝐾 is the air thermal conductivity (J m–1 s–1 K–1), and 𝐷 is the 400 

water vapor diffusivity in air (m2 s–1). The latter three parameters – 𝐿, 𝐾, and 𝐷 – are tabulated in Table A2 as functions of 𝑇a, 
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assuming a surface pressure of 1000 hPa for 𝐾 and 𝐷. We fit third-order polynomials to interpolate between the tabulated 

temperatures.  

This representation relies on 𝛾sub to account for the reduced lofting of older snow relative to fresh snow. Newly deposited 

layers rapidly “lock up”, or become strongly bonded, through sintering, wind crust formation, seawater and brine wicking 405 

(capillary suction), and occasional rain penetration and refreezing (Sect. 2.4.2; Sturm et al., 1998; Arndt et al., 2025), inhibiting 

saltation and suspension. Explicitly representing lock-up would require tracking the age distribution of snowfall events and 

snowpack stratigraphic evolution; we leave this to future versions of the WASSAIL model. 𝛾sub also subsumes other physical 

processes that limit available snow for aeolian transport, such as preferential accumulation along ridges or other features that 

aerodynamically shelter snow. Field observations off East Antarctica indicate such sheltering can substantially reduce snow 410 

loss to leads in areas of rough, deformed ice (Toyota et al., 2016), and observations in the Bellingshausen Sea suggest that 

blowing snow may occur only about half the time that wind speeds exceed the Li and Pomeroy (1997) threshold 𝑈t (Leonard 

and Maksym, 2011). 

2.4.6 Transport into leads 

Blowing snow may drive significant snow loss into leads (“lead trapping”) and preferential redistribution along microrelief 415 

and ridges in regions of deformed ice, with both processes governed by the balance of snow suspension, saltation, and 

gravitational settling and by lead geometry and surface roughness. While redistribution is otherwise neglected given the 

WASSAIL model’s large-scale, area-averaged snow mass budget, lead trapping is a potentially important snow sink as well 

as an immediate freshwater flux to the ocean if deposited snow melts in leads rather than refreezing as slush (see discussion in 

Sect. 3.4). For simplicity, we assume trapped snow melts immediately in the ocean. 420 

A boundary-layer blowing snow model by Déry and Tremblay (2004) indicates that lead trapping efficiency depends primarily 

on along-fetch lead size and spacing, wind speed, and friction velocity, and that leads can collect ~60–100 % of blowing snow 

under a range of conditions. We adopt that study’s parameterization of the maximum potential deposition of blowing snow 

into the ocean through leads (units of meters per hour) during periods of active wind transport (𝑈+, ≥ 𝑈t; Sect. 2.4.4): 

𝑄lead,max = 𝛾lead	𝑓OW	𝑄leadP ⋅
(0.0417	d)
𝜌s ⋅ Δ𝑡

	when 𝑈+, ≥ 𝑈t	, (28) 425 

𝑄lead,max = 	0	m	h?+		when 𝑈+, < 𝑈t	. (29) 

The local open-water fraction (𝑓OW = 1 − 𝑓SIC,PMW) is obtained from daily AMSR-E/2 SIC at 6.25 km resolution (Sect. 2.1.1). 

Déry and Tremblay (2004) find that snow loss to leads varies by over 2 orders of magnitude across lead spacings of 0.1–10 

km, but surprisingly little across lead widths, implying that the number density of leads is more influential than open-water 

fraction. Nonetheless, we use 𝑓OW as an imperfect proxy for lead frequency or density, since current products for the Southern 430 
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Ocean are limited to winter (Petty et al., 2021; Dubey et al., 2025). The tunable scaling factor 𝛾lead is intended to account for 

the uncertain relationship between 𝑓OW and lead density/width, varying lead orientations relative to winds, limits on available 

snow for aeolian transport (e.g., diagenetic processes, aerodynamic shielding), and uncertainty in the trapping efficiency and 

parameterization of 𝑄leadP  below. 

A functional form is adopted for the relationship between 𝑄leadP , the snow mass flux into leads (mm SWE d–1 ≡ kg m–2 d–1), 435 

and 𝑈+, based on the simulations of Déry and Tremblay (2004; their Table 1, reproduced below as Table A3), assuming a 1 

km lead spacing, following Eicken et al. (1994). We fit a third-order polynomial to the 𝑄leadP  tabulation, specified in 5 m s–1 

wind speed increments, after adding a point at 𝑄leadP  = 0 mm SWE d–1 for 𝑈+, = 0 m s–1: 

𝑄leadP = (−0.0357 + 3.9083 ⋅ 𝑈+, − 0.4026 ⋅ 𝑈+,; 	+ 0.0141 ⋅ 𝑈+,E )	mm SWE d–1	. (30) 

Thus, lead trapping increases dramatically at higher wind speeds as snow mass is transported over leads more efficiently. 440 

If the sum of the potential blowing snow sublimation (𝑄sub,max) and lead trapping (𝑄lead,max) exceeds the current snow depth 

(ℎV), these maximum values are used as weights to partition the available blowing snow: 

𝑄sub = minC𝑄sub,max, ~
𝑄sub,max

𝑄sub,max + 𝑄lead,max
⋅
ℎs
Δ𝑡�L	, (31) 

𝑄lead = minC𝑄lead,max, ~
𝑄lead,max

𝑄sub,max + 𝑄lead,max
⋅
ℎs
Δ𝑡�L	. (32) 

2.4.7 Effects of ice dynamics 445 

As simulated Lagrangian sea ice parcels are advected (Sect. 2.3), they experience convergent and divergent motion. Assuming 

ice volume conservation, convergence produces area-averaged ice thickening, while divergence creates open-water areas 

where new ice can form, often rapidly (von Albedyll et al., 2021). We adopt an analogous volume-conserving treatment for 

snow depth, with dynamical thickening due to ridging and rafting under ice convergence and area-averaged thinning where 

divergence produces new, snow-free ice. Superimposed ice thickness is treated similarly. In reality, some snow may be lost to 450 

the ocean as it becomes submerged during ridging, but this loss is uncertain and neglected here. Existing approaches either 

require complex ice-deformation representations (e.g., Roberts et al., 2019) or assume an arbitrary fractional loss of snow (e.g., 

50 %; Hunke et al., 2015). 

We enforce snow and superimposed-ice volume conservation during ice convergence and divergence using Voronoi 

tessellation, a technique that geometrically subdivides a space into the polygonal regions closest to each of a set of points – in 455 

this case, sea ice parcel centroids (Fig. 1c). At each daily time step (Sect. 2.3), contiguous sea ice regions with 𝑓SIC,PMW > 0 % 

are identified and a Voronoi partitioning is computed using the SciPy library (Voronoi function in the spatial subpackage; 
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Virtanen et al., 2020). Polygons are clipped to sea ice boundaries and projected to an EASE grid, and the area 𝐴 (km2) for each 

parcel’s polygon is calculated. The resulting changes in snow depth ℎs (and similarly ℎi,sup) from day 𝑡 − 1 to day 𝑡 are, in 

meters of snow per hour: 460 

𝑄dyn = C
𝐴|2?+
𝐴|2

− 1L ⋅
ℎs|2
Δ𝑡 			when (1 − 𝛿W) ≤

𝐴|2?+
𝐴|2

≤ (1 + 𝛿W)	, (33) 

𝑄dyn = 0	m	h?+			when 
𝐴|2?+
𝐴|2

< (1 − 𝛿W)	or 
𝐴|2?+
𝐴|2

> (1 + 𝛿W)	, (34) 

where 𝛿W is 0.25, imposing a ±25 % tolerance on daily area scaling. Instances exceeding this tolerance are uncommon and 

occur mainly due to truncation or expansion of Voronoi polygons along the ice edge. Although the daily area scaling factor 

�𝐴|2?+ 𝐴|2
� � is not strictly physically meaningful for an individual parcel, whose polygonal boundaries depend on the relative 465 

position of parcel centroids, the scaling factors capture the effects of convergence and divergence upon averaging 𝑄dyn over 

time or space, reducing noise. 𝑄dyn may nonetheless underestimate divergence, since strongly divergent conditions can lead to 

a 0.25° × 0.25° grid cell becoming devoid of parcels and a new parcel being instantiated, explicitly simulating new ice 

formation (Sect. 2.3). 

2.4.8 Conversion from Lagrangian to Eulerian frame 470 

Tracking 𝐴 enables volume (or mass) conservation when mapping the extrinsic properties ℎs and ℎi,sup, snow depth tendency 

terms 𝑄{⋅}, and ice–ocean fluxes of snow and superimposed ice from the Lagrangian parcel frame of reference onto a regular 

(Eulerian) grid. This regridding is performed after each model run for all variables recorded along parcel trajectories, including 

bulk snow density 𝜌s. Daily values are aggregated using two-dimensional, area-weighted binning of all parcels whose centroids 

fall within a given ERA5 grid cell, coarsened by a factor of 3 to 0.75° × 0.75° to reduce noise, particularly in 𝑄dyn. For extrinsic 475 

properties and snow-depth fluxes – but not 𝜌s, an intrinsic property – parcel values are additionally scaled by �Σ𝐴 𝐴0.75°� �, 

where Σ𝐴 is the total parcel area within the coarsened grid cell and 𝐴0.75° is the latitude-dependent cell area. 

2.5 Model calibration procedure 

The parameterizations in Sect. 2.4 include eight tuning parameters (Table 2) that incorporate the effects of unmodeled 

processes and compensate for biases in input data and the parameterizations themselves. We developed an iterative procedure 480 

to adjust these parameters, optimizing model fit to observations of snow accumulation from the randomly selected calibration 

set of 29 snow buoys drifting in the Weddell Sea during 2013–2025 (Fig. 1b; Sect. 2.2.1), with the remaining 10 buoys reserved 

for model validation. The buoy-covered regions exhibit substantial spatial and interannual variability in snow-on-sea-ice 
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properties and diverse meteorological conditions (Massom et al., 1997; Markus and Cavalieri, 2006; Arndt and Paul, 2018), 

albeit with lower snowfall than much of the Antarctic sea ice zone (Boisvert et al., 2020). 485 

The optimization of this model is an under-constrained problem, likely with many local minima in goodness-of-fit metrics and 

thus many plausible “optimal” parameter sets. However, calibration is aided by the relative independence and intermittency of 

budget terms under different conditions. For example, only 𝑄dep adds significant snowfall (𝑄surf provides negligible surface 

deposition) and only during reanalysis snowfall periods; only 𝑄lead scales with open-water fraction 𝑓OW; 𝑄rain acts only during 

significant rainfall; 𝑄melt cannot be active simultaneously with 𝑄rain and applies only when 𝑇a > 𝑇base; and 𝑄surf and 𝑄sub are 490 

likewise mutually exclusive. 𝑄dens is the only process active continuously. 

It is important to choose an optimization strategy suited to a model’s characteristics. Some common techniques assume a near-

linear response to varying parameters. The adjoint method, for example, requires a well-behaved tangent linear model (and a 

differentiable configuration), while a Green’s function approach assumes a linear response to small perturbations. Our snow 

model, however, is highly nonlinear because parameterizations are intermittently active – triggered by episodic conditions – 495 

and state dependent, requiring snow to be present for loss to occur. This favors alternative optimization methods, including 

grid or random search strategies (Bergstra and Bengio, 2012) and more computationally efficient multi-armed bandit 

algorithms that focus resources on promising regions of the parameter space while balancing exploration with selection under 

uncertainty (Karnin et al., 2013). We adopt successive halving, a bandit-type framework common in machine learning in which 

Table 2. Free parameters in the model. Listed for each tuning parameter are the introducing section, the initial value and standard deviation 
used to generate candidate values for the optimization procedure, the optimized value after rung 12 of the tuning ladder, and a description. 

Parameter Section 
Initial 
value 

Initial 
standard 
deviation 

Final value 
(rung 12) Significance 

𝛾dens  2.4.1 1.0 0.1 1.09 
Inverse scaling factor for 𝑘+, the compactive viscosity of snow, 
modifying the rate of mechanical compaction due to 
overburden pressure 

𝛾new  2.4.2 1.0 0.25 1.32 Scaling factor for 𝑄dep, the rate of new snowfall deposition 

𝑇base  2.4.3 0.0 °C 1.0 °C 0.16 °C Threshold air temperature in 𝑄melt above which non-rain snow 
melt tends to occur (~0.0 °C; Anderson, 1973) 

𝛾melt  2.4.3 1.5 mm  
°C–1 (6 h)–1 

0.5 mm  
°C–1 (6 h)–1 

2.52 mm 
°C–1 (6 h)–1 

6 h melt factor in 𝑄melt relating non-rain snow melt rate to air 
temperature (~1–2 mm °C–1 [6 h]–1; Girotto et al., 2024) 

𝛾rain 2.4.3 1.0 1.0 1.14 Scaling factor for 𝑄rain, the snow melt rate due to significant 
rainfall events 

𝛾surf  2.4.4 1.0 1.0 2.04 Scaling factor for 𝑄surf, the rate of snow surface sublimation 

𝛾sub 2.4.5 1.0 1.0 1.04 Scaling factor for 𝑄sub,max, the maximum (non-supply-limited) 
rate of blowing snow sublimation 

𝛾lead  2.4.6 1.0 1.0 0.35 Scaling factor for 𝑄lead,max, the maximum (non-supply-limited) 
rate of lead trapping of blowing snow 
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𝑁 candidate parameter sets are evaluated and the best-performing half are promoted to the next iteration, or rung, of the tuning 500 

ladder, while the remainder are discarded. The promoted set then defines the subsequent candidate batch, and so on until a 

stopping criterion or computational budget is reached (Karnin et al., 2013; Jamieson and Talwalkar, 2016). 

Successive halving is implemented using candidate pools of 𝑁 = 54 combinations of the eight tuning parameters for each rung 

(see Fig. 3 for the evolution of parameter values and goodness-of-fit metrics): 

1. The algorithm is initialized in rung 0 with 54 parameter sets drawn from a one-sided truncated normal distribution on 505 

(0.0,∞) for all parameters except 𝑇base, for which a standard normal distribution is used. Distributions are centered 

at 1.0 for each parameter (except 𝑇base and 𝛾melt), with standard deviations chosen based on subjective assessment of 

the uncertainty in the underlying parameterizations (Table 2; including literature-based values for 𝑇base and 𝛾melt). A 

55th simulation is added in each rung using the baseline parameter set. A one-time simulation is also run with 𝛾new = 

1.0 and all snow-loss parameterizations and mechanical compaction disabled (snow accumulation only). 510 

2. For the baseline and 54 random parameter sets, the model is run in calibration mode with parcels evolving along snow 

buoy trajectories, driven by ERA5 and AMSR-E/2 SIC (Sect. 2.3). 

3. Buoy observations are daily-averaged, and each buoy time series is shifted to align its initial snow depth with the 

corresponding model parcel. Goodness-of-fit metrics are then calculated between each ensemble member (including 

the baseline run) and the calibration and validation sets of buoy observations: root mean square error (RMSE) of snow 515 

accumulation, mean error (bias), and bias in daily snow accumulation tendency (after applying a 3 d rolling mean to 

buoy data to mitigate spikes). 

4. The 27 parameter sets yielding the lowest RMSE against the calibration buoys are considered the top half of the 

ensemble. The median and standard deviation of each parameter across this top half define the baseline distributions 

used to generate the next rung’s 54 parameter sets. 520 

5. Steps (2)–(4) are repeated while ensemble-mean RMSE and/or baseline-run RMSE continue to improve (decrease) 

by at least 0.1 cm. From the final rung satisfying this criterion (rung 12), the median values of the five lowest-RMSE 

parameter sets are chosen as the final, optimized parameter set (Table 2). 

6. Lastly, the model is run using the optimized parameter values to assess performance against the calibration and 

validation buoy sets. 525 
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3 Results and discussion 

3.1 Model calibration and snow buoy observations 

The final set of eight calibrated parameters yields a model RMSE of 15.5 cm, bias of –0.7 cm, and daily snow accumulation 

tendency bias of +0.004 cm d–1 relative to the matched Weddell Sea snow buoy measurements used for calibration (Fig. 3a–

c). Against the independent validation set of buoys, the model shows an RMSE of 17.9 cm, bias of –12.0 cm, and tendency 530 

bias of –0.004 cm d–1. The larger absolute bias in validation suggests a structural underestimation of snow accumulation that 

 

Figure 3. Evolution of the successive halving procedure used to optimize the model fit to snow buoy observations in the Weddell Sea. Each 
panel shows the ensemble distribution for 54 candidate parameter sets over the 12 iterations, or rungs, before the stopping criterion was 
reached. (a)-(c) Ensemble mean and standard deviation (blue) and values for the baseline parameter set (black open circles) of the RMSE of 
snow accumulation, bias of snow accumulation, and bias of daily snow accumulation tendency, respectively, comparing the model to the 
calibration set of buoys. The comparable values for an accumulation-only model run without loss or transformation processes are also marked 
(red crosses). Black and green stars, respectively, indicate the performance of the final optimized parameter set (the median of the five 
lowest-RMSE sets) assessed against the calibration and validation buoy measurements. (d)-(k) Ensemble median and standard deviation of 
the eight free parameter values over the tuning rungs. Green stars indicate final values from the optimized set. 

(a) (b) (c)

(d) (e) (f) (g)

(h) (i) (j) (k)
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is masked by fitting to the calibration buoys, though this may also reflect differences across the buoy sets (see below). 

Nonetheless, the minimal tendency bias in both comparisons indicates that the model skillfully captures daily snow fluctuations 

owing to calibration (Fig. 3c), even if it may underestimate true snow accumulation over time due to accumulated biases. 

The snow-accumulation-only simulation (with loss and mechanical compaction disabled; red crosses in Fig. 3a–c) yields a 535 

much higher RMSE of 43.3 cm and bias of 28.9 cm, illustrating the importance of these processes, while the pre-tuning 

simulation (rung 0) with all processes active yields an RMSE of 21.7 cm, bias of –11.0 cm, and tendency bias of –0.077 cm d–

1. Thus, calibration leads to a near-20-fold improvement in representing daily variability and an increase in net snow 

accumulation. Against the independent validation buoys, the untuned model exhibits a much larger bias of –30.9 cm (not 

shown in Fig. 3), suggesting that unexpected differences within the randomly split buoy data can explain much of the calibrated 540 

model’s difficulty reproducing the validation buoy set. Overall, the tuned model potentially outperforms a commonly used 

passive microwave snow depth retrieval, for which comparison to Antarctic OIB data found an RMSE of 21 cm and bias of –

19 cm – though a more robust retrieval method yielded an RMSE of 9 cm and bias of –2 cm (Shen et al., 2022). A caveat is 

that these data sources – buoy, airborne, model, and satellite – represent different spatial scales, from point measurements to 

multi-kilometer averages. 545 

Overall, calibration increased net snow accumulation by scaling up new snowfall deposition (𝛾new = 1.32) and reducing the 

loss to leads during wind transport (𝛾lead = 0.35; Fig. 3d, k). This was partly compensated by increases in snow sublimation, 

densification, and both non-rain and rain-related melt after tuning. The more rapid and/or monotonic convergence of 𝛾new and 

𝛾lead suggests these scaling factors are best constrained by the buoy observations. However, the notable changes in 𝛾melt and 

𝛾lead are consistent with these parameterizations being most sensitive to unvalidated assumptions, including the degree-day 550 

melt approximation (Sect. 2.4.3) and the assumed relationship between open-water fraction and lead frequency (Sect. 2.4.6), 

respectively. 

The need to increase snowfall input by 32 % suggests ERA5 may underestimate snowfall over the ice-covered Southern Ocean. 

For context, an average scaling factor of 1.58 for ERA5 snowfall in the Arctic Ocean was obtained by bias-correcting output 

from SnowModel-LG using OIB observations from 2009–2016 (Liston et al., 2020). In that study, however, other model 555 

parameters were not adjusted concurrently. This result contrasts with a CloudSat-based comparison suggesting ERA5 snowfall 

over the Arctic Ocean may be biased high, particularly in winter (Cabaj et al., 2020), and with a separate study finding minimal 

winter climatological bias relative to North Pole drifting-station records (Barrett et al., 2020). These divergent conclusions 

highlight the uncertainties arising from diverse validation data sets and techniques, as well as possible hemispheric differences. 
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Figure 4 compares the calibrated model evolution along snow buoy trajectories with the actual buoy measurements, showing 560 

broadly consistent temporal variability in many cases, though not all. The timing, if not always the magnitude, of major ablation 

events is often well captured, such as those near the end of the records for buoys 2014S12, 2016S38, and 2024S120. Because 

RMSE is the optimization metric, calibration may encourage over-correction, as possibly suggested by buoy 2021S114. That 

is, tuning may offset bias in one parameterization by introducing compensating bias in another to minimize divergence over 

time. Even so, this does not appear to be systematic across the model–buoy comparisons. 565 

 

Figure 4. Model–buoy comparison after calibration of free parameters. Snow accumulation measured by the 39 snow buoys in the Weddell 
Sea (dashed lines) and reconstructed by the calibrated model along buoy trajectories (solid lines). Snow buoys are labeled with their IDs, 
which include the deployment year, with black indicating a buoy belonging to the calibration set and red denoting the validation set. For 
visualization purposes, the buoy measurements are depicted along a non-specific, continuous time axis in years. 
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A closer inspection of ~1.5 years of observations from buoy 2014S9 and the matched model simulations is illustrative (Fig. 

5). The buoy was deployed in the southwest Weddell Sea and drifted northward then eastward, following the clockwise 

circulation of the Weddell gyre (triangle markers in Fig. 1b; inset in Fig. 5b). A deposition-only simulation – omitting loss 

processes and mechanical compaction – overestimates snow accumulation by more than a factor of 2, producing steady year-

round growth (Fig. 5a). By contrast, the untuned full-physics simulation systematically underestimates snow accumulation, 570 

whereas the calibrated model reproduces much of the observed evolution. Observed snow depths exceed even the no-loss 

simulation in the initial months, suggesting underestimated ERA5 snowfall and/or unresolved small-scale redistribution; the 

calibrated simulation eventually catches up, possibly through over-correction. 

It is tempting to infer causality from the apparent correspondence between rainfall and snow ablation events (Fig. 5a). Boisvert 

et al. (2020), analyzing the same buoy record, hypothesized that both ROS events and warm temperatures contributed to snow 575 

loss (their Figure 14). However, our parameterizations attribute nearly all ablation during these periods to the above-freezing 

air temperatures that tend to coincide with rain, with non-rain-related melt accounting for 25.9 % of cumulative snow loss – 

over 80 times larger than rain-related melt (Fig. 5b). Significant rain events are also more rare and brief than a daily time series 

 

Figure 5. Observed and reconstructed snow accumulation along the trajectory of snow buoy 2014S9. (a) Buoy measurements (solid red line) 
and simulated evolution with loss processes and mechanical compaction disabled (dashed grey line), all parameterizations in their default 
configurations (dotted grey line), and the final calibrated model (solid black line). Daily ERA5 rainfall rates along the buoy trajectory are 
shown at bottom. (b) Partitioning of loss processes’ cumulative contributions to the difference between the accumulation-only simulation 
and the full calibrated model. Daily air temperatures from ERA5 (black) and the buoy (red) are shown at bottom. The inset map shows the 
drift trajectory of buoy 2014S9, with colors indicating net snow accumulation (as in Fig. 1b) and green and red triangles marking the 
deployment location and last valid measurement. 

 

(a) (b)
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suggests: buoy 2014S9, for example, experienced only 24 one-hour periods with ERA5 rainfall exceeding 𝑅thresh = 0.25 mm 

h–1. The model’s partitioning of loss mechanisms also highlights increasing lead trapping and blowing snow sublimation as 580 

the buoy approached the marginal ice zone (MIZ) late in its drift, the former likely reflecting higher open-water fraction. 

Significant snow melt in early 2015 (Fig. 5b) is estimated to have produced 32 cm of superimposed ice, assuming complete 

refreezing of meltwater within the snowpack. This is uncommonly large relative to ice core observations from the northwestern 

Weddell Sea (Arndt et al., 2021), likely because this buoy spent an extended period at northern latitudes. The implied snow 

loss is equivalent to 42 % of the final snow depth. However, our model does not explicitly represent liquid-water effects such 585 

as melt metamorphism (Sect. 2.4.3); in actuality, meltwater infiltration would likely reduce the snow-only depth. Critically, 

the model also neglects snow-ice conversion following seawater flooding under heavy snow load (Sect. 3.3 and 3.5). 

Nonetheless, the mass budget of total meteoric freshwater (derived from snowfall and rainfall) should remain robust, despite 

uncertainties in conversion processes. 

3.2 Climatological snow mass budget 590 

Figure 6 depicts the climatological snow mass budget on Antarctic sea ice for 2003–2025, integrated over ice-covered areas. 

The apparent seasonality in new snowfall strongly resembles the seasonal cycle of Southern Hemisphere sea ice area or extent, 

indicating persistent year-round snowfall (Fig. 6a). Snow release to the ocean upon sea ice melt, by contrast, provides a 

freshwater pulse largely confined to spring and summer (September–February). Interannual variability in these two terms 

remains within a relatively narrow range when spatially averaged over such a large region. Blowing snow sublimation and 595 

lead trapping exhibit more muted seasonal cycles that mirror SIE, consistent with the wintertime prevalence of wind speeds 

strong enough to support aeolian transport. The persistence of lead trapping even in mid-winter reflects the presence of open 

water within the ice pack interior (Dubey et al., 2025), not only along the retreating spring ice edge. Most surface sublimation 

and non-rain melt occur over a shorter period, with the latter peaking after the December maximum in sea ice loss and snow 

release to the ocean, likely due to favorable snowpack energy balance conditions associated with elevated air temperatures and 600 

solar radiation. 

The climatological mass budget closes to within 15 %, with total annual loss (9,812 Pg) exceeding new snow deposition (8,532 

Pg; Fig. 6b). This residual reflects net depletion of snow originating from multiyear sea ice, which would manifest as model 

drift if simulations were run for multiple years. Even so, the small magnitude of the residual is notable given the lack of any 

explicit budget-closure constraint beyond the calibration procedure. Loss processes prior to complete sea ice melt – including 605 

melting and subsequent refreezing as superimposed ice – consume 39 % of annual snow mass (Fig. 6b). Among these, blowing 

snow sublimation contributes the most. Rain-related melt is negligible (<1 % of annual loss) compared to the 17 % from non-

rain melt (see Sect. 3.1). Importantly, the large snow-release term includes snow converted into snow-ice, a process that 

incorporates seawater and is not simulated by our model. Consequently, “snow release” in this budget should be interpreted 

more broadly as a meteoric freshwater flux to the ocean. 610 
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3.3 Freshwater fluxes 

The amount, location, and timing of snow entering the ocean are integral to the salinity budget of the Southern Ocean, with 

implications for water mass transformation and vertical mixing (Kjellsson et al., 2015; Haumann et al., 2016; Pellichero et al., 

2018; Wilson et al., 2019). Our model reconstruction estimates 270–311 mSv (1 mSv = 1,000 m3 s–1) of snowfall freshwater 

intercepted by sea ice, with the range bracketed by the model output and a budget fully balanced by loss. The total meteoric 615 

freshwater flux into the ocean originating from snow on sea ice is 237 mSv, representing 76–87 % of intercepted snowfall; the 

remainder sublimates to the atmosphere. This meteoric flux consists of 188 mSv released to the ocean upon complete sea ice 

melt, 21 mSv of primarily snowmelt-derived superimposed ice also released at melt (including a small contribution from rain), 

and 27 mSv delivered via lead trapping throughout the winter during wind-blown snow transport. 

This meteoric ocean flux originating from snow intercepted by sea ice is equivalent to over half of the 410 ± 110 mSv annual 620 

freshwater flux from sea ice melt (excluding snow in snow-ice) across the Southern Ocean estimated by Haumann et al. (2016). 

In that study, remote sensing data were combined with a sea ice thickness reconstruction from a data-assimilating model to 

infer sea ice volume change and divergence. Haumann et al. also estimated 50 mSv of snow converted to snow-ice based on 

observational constraints on snow-ice prevalence compiled by Massom et al. (2001). Taken together with our model results, 

 

Figure 6. Climatological snow mass budget on Antarctic sea ice from the model reconstruction (2003–2025). The simulation period is 
February 15 to February 14 of the following year. (a) Climatological snow fluxes in Pg d–1 (1 Pg = 1012 kg), where positive values represent 
snow deposited on sea ice and negative values denote loss to either the atmosphere (surface and blowing snow sublimation), superimposed 
ice layer (rain-related and non-rain melt), or ocean (lead trapping and snow release upon sea ice melt, which includes snow converted to 
snow-ice). 7 d rolling mean values are shown for visualization purposes. Shading indicates the interannual variability of new snowfall and 
snow release to the ocean (±1𝜎 over 2003–2025). (b) Cumulative fluxes over the model year, with totals listed at the right. Dotted grey lines 
indicate the interannual variability in the corresponding accumulated quantities (±1𝜎). Note that rain-related melt is small and difficult to 
distinguish in both panels. 

 

(a) (b)
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these estimates imply that ~21 % of the ice–ocean freshwater flux associated with snowfall onto sea ice is in the form of snow-625 

ice, though this calculation is approximate. 

Our snow-related freshwater fluxes are qualitatively consistent with an observation-based estimate – albeit with significant 

simplifying assumptions – that precipitation (onto sea ice and directly into the ocean, including areas without ice cover) and 

sea ice freshwater fluxes each contribute comparably to buoyancy gain in the Southern Ocean sea ice sector (Pellichero et al., 

2018; see their Supplementary Note 2). This contrasts with Abernathey et al. (2016), who used the Southern Ocean State 630 

Estimate (SOSE; Mazloff et al., 2010), which assimilates ocean temperature and salinity, sea ice concentration, and other 

observational data to constrain MITgcm. The model’s ocean state is adjusted via the adjoint method, which can 

alter atmospheric forcing such as precipitation. Abernathey et al. report annual freshwater fluxes of 140 mSv from snowfall 

intercepted by Antarctic sea ice and 360 mSv from sea ice freezing and melting, with the latter excluding melt of overlying 

snow and the snow-derived fraction of snow-ice. This SOSE snowfall estimate is only 45–52 % of the intercepted snowfall 635 

from our calibrated, reanalysis-driven reconstruction, suggesting that the adjoint method may have compensated for biases in 

simulated sea ice or ocean physics by substantially reducing snowfall forcing relative to reanalysis. Such an adjustment could 

preserve agreement with ocean observations while masking excessive sea ice melt in MITgcm, implying overestimated sea ice 

formation rates and thickness. Consistent with this interpretation, Abernathey et al. report that SOSE sea ice thickness is 20–

40 cm too thick in the Weddell and Ross seas, a common positive bias in coupled models (Holland et al., 2014). Similarly, 640 

Nakayama et al. (2024) identify a summer fresh-surface bias in the biogeochemical version, B-SOSE, linked to an overly 

strong sea ice seasonal cycle. 

These uncertainties highlight the importance of accurately partitioning Southern Ocean freshwater fluxes between snow and 

sea ice in coupled models. A freshwater input that is correct in total but contains an unrealistically low proportion of snow 

may require higher sea ice melt and growth rates to compensate, which has implications for brine rejection and stratification 645 

near the Antarctic margin where sea ice formation is greatest. 
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3.4 Spatial distribution of snow accumulation and loss processes 

Figure 7 illustrates spatial patterns in reconstructed snow fluxes, presented as annual contributions to the net snow 

accumulation budget averaged over 2003–2025. Snowfall deposition of ~1–2 m occurs across the ice-covered Southern Ocean, 

with higher deposition along the continental margin, particularly off East Antarctica and the Amundsen Sea–Bellingshausen 650 

Sea coastline (Fig. 7a). This pattern broadly aligns with CloudSat-derived snowfall estimates, though these encompass both 

ice-covered and ice-free periods (Boisvert et al., 2020). 

As expected, mechanical compaction is most pronounced along the coastline where net snow accumulation is high (Figs. 7b 

and 8a). Although compaction is mass conserving and thus excluded from the snow mass budget, it reduces snow depth by 

~20 cm or more across the sea ice region. Large-scale sea ice divergence contributes to area-averaged snow thinning within 655 

the Weddell and Ross gyres (Fig. 7c), where ice-concentration budget analyses indicate that divergent ice drift supports 

 

Figure 7. Average annual contributions to the net snow accumulation budget on sea ice in the model reconstruction (2003–2025). Positive 
values indicate greater net snow accumulation. All contributions except panel [h] are expressed as changes in snow depth, normalized from 
their time-varying bulk snow density to 𝜌s,' = 320 kg m–3. The color groupings correspond to the fate of snow: blue signifies snow deposition 
onto sea ice; diverging pink and blue-grey represent mass-conserving decreases and increases in area-averaged snow thickness, respectively; 
green denotes sublimation to the atmosphere; orange includes snow melt and superimposed ice formed from snow melt and rain (note that 
panel [h], showing superimposed ice released to the ocean, is not part of the snow accumulation budget); and red represents direct snow flux 
to the ocean, with panel [j] including snow converted to snow-ice. Note that color scales are not uniform, as reflected in the different colorbar 
lengths. 
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formation of new, snow-free ice (Holland and Kwok, 2012; Holland and Kimura, 2016). In areas of convergence and simulated 

snow thickening, snow depth may remain relatively unchanged in reality because snow can be flooded and frozen into snow-

ice or lost to the ocean during sea ice ridging (Sect. 2.4.7). However, our reconstruction identifies only limited regions of 

convergence, primarily in the Bellingshausen Sea and western Weddell Sea, suggesting that these impacts are spatially 660 

restricted (Fig. 7c). 

Blowing snow sublimation exhibits higher rates at northern latitudes and a narrow band of intense sublimation along the East 

Antarctic coast, likely driven by strong winds and dry, subsaturated katabatic outflow from the Antarctic continent (Fig. 7e). 

This differs somewhat from a previous estimate by Déry and Yau (2002), who applied the same parameterization to coarser, 

uncalibrated ERA-15 reanalysis (1979–1993). Their results show more fragmented coastal maxima and a pronounced hotspot 665 

in the northern Ross Sea that is less prominent in our estimates. In contrast, snow surface sublimation is spatially diffuse and 

weaker, both in our reconstruction (Fig. 7d) and in Déry and Yau (2002). Fichefet and Morales Maqueda (1999) estimated up 

to 0.45 m per year of snow removal by surface sublimation – substantially higher than our reconstruction, though potentially 

comparable if blowing snow (absent from their model) were included. They further noted that conditions over Antarctic sea 

ice may favor snow sublimation relative to the Arctic because drier air and stronger winds produce latent heat fluxes that are 670 

3 times higher on average. 

Hotspots of non-rain melt are evident in the Bellingshausen Sea, western Weddell Sea, offshore of the Wilkes Basin, and 

broadly across the Ross Sea (Fig. 7f). The western Weddell Sea and Wilkes Basin maxima coincide with key cyclogenesis 

regions inferred from storm tracks over the Southern Ocean (Yuan et al., 2009), consistent with episodic warm-air transport. 

Superimposed ice formed during these snow ablation events is advected downstream along ice-drift trajectories (Fig. 1a) and 675 

is subsequently released to the ocean in the northern Weddell and Ross gyres and farther north offshore of the Wilkes Basin 

(Fig. 7h). 

Although lead trapping and snow release upon complete sea ice melt differ greatly in magnitude, both show strongest losses 

concentrated near the sea ice edge (Fig. 7i, j). These patterns in freshwater fluxes, however, likely arise from distinct 

mechanisms: high lead trapping in the MIZ follows from the increased open-water fraction in this dynamic region, whereas 680 

the concentration of snow release reflects intense melt of snow-covered ice transported from higher latitudes. For context, 

Eicken et al. (1994) estimated ~10 cm SWE per year of snow lost to leads in the Weddell Sea using simple empirical relations 

to wind speed. This corresponds to ~31 cm of snow, roughly twice our circumpolar estimate, in which lead trapping in the 

Weddell Sea is not anomalously higher than other regions. Leonard and Maksym (2011) proposed that about half of September 

snowfall on Antarctic sea ice may be lost to leads, an order-of-magnitude estimate that likewise contrasts with our 685 

reconstruction estimate of 855 Pg per year, just 9 % of the annual snow mass budget (Fig. 6b). 

To our knowledge, our lead-trapping reconstruction (Sect. 2.4.6) is the most sophisticated yet implemented in a large-scale 

model of snow on sea ice. It incorporates a nonlinear wind-speed dependence and a linear dependence on open-water fraction, 
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with the wind speed relationship derived from two-dimensional boundary-layer simulations. It also uses a well-validated, 

temperature-dependent threshold for aeolian snow transport and calibrates lead trapping concurrently with other loss 690 

mechanisms. By comparison, previous work has adopted simpler approaches: lead trapping restricted to the time of initial 

snow deposition, a fixed fraction of snowfall diverted to the ocean, a fixed wind speed threshold, and/or an assumed linear 

dependence on wind speed (Fichefet and Morales Maqueda, 1999; Lecomte et al., 2013, 2015; Petty et al., 2018). 

In contrast to these approaches and our simulation, the SnowModel-LG reconstruction for Arctic sea ice (Liston et al., 2020) 

does not represent lead trapping. Liston et al. argue this process is likely unimportant in the Arctic due to several factors: rapid 695 

refreezing of leads, lower lead frequency relative to blowing snow erosion length scales, more effective snow capture by 

surface roughness elements than by leads, lock-up effects (see Sect. 2.4.5), and limited snow transport in the moisture-rich 

MIZ. While these arguments may find validation in the scaling down of our lead trapping parameterization to 35 % of its 

original magnitude during calibration (Sect. 3.1), their applicability to Antarctic sea ice conditions is uncertain. Compared to 

the Arctic, leads are more prevalent in the Southern Ocean, associated with strong currents and bathymetry (Dubey et al., 2025) 700 

and predominantly divergent ice drift (Holland and Kwok, 2012). Moreover, higher ocean heat fluxes (e.g., Martinson and 

Iannuzzi, 1998; Lytle and Ackley, 2001) may permit more melting of snow trapped in leads. Field observations are sparse, but 

Leonard and Maksym (2011) report near-total snow loss to leads during a three-week Bellingshausen Sea drift experiment. 

Even in the Arctic, field observations show that lead trapping can be substantial under warmer air temperatures that maintain 

open water, whereas typical winter conditions may yield only minimal snow loss to leads (Clemens-Sewall et al., 2023). 705 

3.5 Snow depth, snow-ice formation, and bulk snow density 

It is important to distinguish between snow accumulation and snow depth, which we treat as distinct metrics. Snow depth, 

measured using snow cores or pits on sea ice or estimated remotely using radar altimetry or passive microwave radiometry, 

excludes any basal snow layer that has been converted into ice. On the other hand, net snow accumulation, as simulated by our 

model, likewise reflects the balance of snow mass gain and loss to the atmosphere and ocean but accounts for only one 710 

conversion pathway: formation of superimposed ice from snow melt, albeit represented simplistically (Sections 2.4.3 and 3.1). 

The WASSAIL model does not simulate snow-ice formation, a key conversion process in which the snowpack becomes 

flooded by seawater and freezes into a new layer of ice. Ice core measurements suggest snow-ice constitutes 8–38 % of total 

ice thickness, with strong regional and seasonal variations around Antarctica (Massom et al., 2001). Snow-ice formation is 

most prevalent where snow deposition is high and ice remains thin, a situation conducive to the isostatic depression of ice 715 

freeboard below sea level (Webster et al., 2018). In an analysis of Weddell Sea snow buoys that inferred sea ice growth using 

a one-dimensional thermodynamic model, Arndt et al. (2024) estimated an average maximum snow-ice thickness of 16 cm 

across 36 buoys. This process is less common in the Arctic, with exceptions during strong storm events (e.g., Merkouriadi et 

al., 2017). Sea ice deformation under convergent drift and wave overwash may also promote snow-ice formation in parts of 

the Southern Ocean (e.g., Massom et al., 1998). 720 
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Figure 8. Comparisons between the WASSAIL model reconstruction (2003–2025) and snow depth from two remote sensing products. 
Columns are averages for autumn (March/April/May), winter (June/July/August), spring (September/October/November), and summer 
(December/January only, as the model is initialized and terminated in mid-February). (a) Simulated net snow accumulation. (b) Snow depth 
on sea ice from a monthly CryoSat-2 retrieval from July 2010–August 2021 (Fons et al., 2023). (c) Differences between the reconstructed 
snow accumulation and CryoSat-2-based snow depths. (d) Snow depth estimated from AMSR-E and AMSR2, averaged from daily data 
from 15 February 2003–14 February 2025 (Cavalieri et al., 2014; Meier et al., 2018). (e) Differences between reconstructed snow 
accumulation and AMSR-E/2 snow depths. (f) Model reconstruction of bulk snow density. 

(a)

(b)

(c)

(d)

(e)

(f)
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With these distinctions in mind, Figure 8 compares snow accumulation from WASSAIL with snow depth from two remote 

sensing products, shown as seasonal climatological averages. The model reconstruction yields circumpolar mean net snow 

accumulation of 11.5 cm in autumn, 21.3 cm through winter, 30.9 cm through spring, and 22.7 cm through summer, based on 

daily spatial averages within ice-covered areas (Fig. 8a). Spatial patterns are generally diffuse but include regions of markedly 

higher snow accumulation (~60 cm or more by spring) in the western Weddell Sea, the Bellingshausen Sea, along the 725 

Amundsen Sea coast, and along the East Antarctic margin from Queen Mary Land eastward. These hotspots persist into 

summer despite widespread ice melt and snow ablation across the sea ice zone. Thick snow in the western Weddell Sea 

coincides with dynamical thickening from convergent ice motion (Fig. 7c). Elsewhere, these hotspots align closely with areas 

of elevated snowfall (Fig. 7a), with patterns slightly broadened by ice drift (Fig. 1a). 

Comparing our model’s net snow accumulation with snow depth retrievals based on CryoSat-2 radar altimetry (Fons et al., 730 

2023; Sect. 2.2.2) and AMSR-E/2 passive microwave radiometry (Cavalieri et al., 2014; Meier et al., 2018; Sect. 2.1.2) 

demonstrates the difference between snow accumulation and depth (Fig. 8b–e). Subtracting the satellite retrievals from the 

model fields reveals positive differences of ~20–30 cm across much of the sea ice zone by spring, which we interpret as 

evidence of widespread snow-ice formation of that magnitude. This inferred conversion of snow to snow-ice corresponds to 

49 % (CryoSat-2) or 60 % (AMSR-E/2) of net springtime snow accumulation (September–November), averaged over regions 735 

with positive differences in each comparison, with the caveat that CryoSat-2 represents a different period (2010–2021). 

Interpreting the differences in Fig. 8c as indicative of snow-ice formation aligns with observations suggesting that the process 

is ubiquitous across the Southern Ocean, including the central Weddell Sea and the Amundsen–Bellingshausen seas (Eicken 

et al., 1994; Massom et al., 1997, 2001; Sturm et al., 1998). Ice cores from the Ross and Amundsen–Bellingshausen sectors 

indicate that snow-ice conversion reduces net snow accumulation by 30–58 % (Jeffries et al., 2001), comparable to our inferred 740 

fractions. The seasonality of the model–satellite differences, peaking in September–November, is also consistent with snow-

ice formation typically beginning in the latter half of winter as snow loads increase while ice growth slows (Eicken et al. 1995; 

Singh et al. 2021), with Southern Ocean snow-ice volume reaching a maximum in November (Fichefet and Morales Maqueda, 

1999). 

A similar approach for inferring snow-ice formation was used by Maksym and Markus (2008), who reconstructed snow 745 

accumulation from ice motion and ERA-40 reanalysis snowfall and interpreted accumulation exceeding passive microwave 

snow depth as snow-ice conversion. Although their reconstruction omitted other loss processes and likely overestimated 

accumulation off East Antarctica due to ERA-40 snowfall biases, their September snow-ice thickness estimates (their Figure 

7) align remarkably well in both magnitude and spatial pattern with the calculated difference between our simulated snow 

accumulation and AMSR-E/2 snow depth (Fig. 8e). However, this correspondence is less robust for CryoSat-2 (Fig. 8c), 750 

highlighting the sensitivity of this approach to the choice of satellite snow depth product. 
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Our reconstruction also yields the seasonal evolution of bulk snow density, with a circumpolar mean of 357 kg m–3 in autumn 

increasing to 381 kg m–3 in winter and 399 kg m–3 in spring, then returning to 371 kg m–3 in summer (Fig. 8f). This seasonality 

reflects two parameterized processes: wind-enhanced compaction of fresh snowfall, which determines the density of a new 

snow layer based on the first 100 h of post-deposition wind speeds that it experiences, and mechanical compaction under 755 

overburden pressure. Spatially, bulk snow density tends to be lower at higher latitudes, consistent with thinner, less compacted 

snow on newly formed ice near the continent (Fig. 1a) and lower new-snow densities owing to weaker winds. This pattern is 

supported by an approximately linear decrease in zonal-mean ERA5 10 m wind speed from 55° S to 80° S across all seasons 

(not shown). 

Our estimates of bulk snow density are somewhat higher than in situ observations that show, for example, mean winter densities 760 

of 320 kg m–3 and 360 kg m–3 from snow pits in the Weddell Sea and Indian Ocean sectors, respectively, though variability 

across locations is large (Massom et al., 2001). One contributing factor may be excessive compaction rates because the model 

does not remove snow from the column via snow-ice formation. In any case, the magnitude of spatial variability in 

reconstructed bulk snow density appears comparable to its seasonal variability. This suggests that adopting only temporally 

varying snow density, as in some circumpolar modeling and remote sensing efforts (e.g., Kurtz and Markus, 2012; Fons et al., 765 

2023; Lawrence et al., 2024), may be an oversimplification given regional differences in dominant snow processes across the 

Southern Ocean. 

4 Conclusions 

In this study, we present the conceptual framework, method, and results of a reconstruction of snow on Antarctic sea ice that 

is among the most comprehensive to date. Our model, WASSAIL, occupies a middle ground between high-complexity, 770 

multilayer snow evolution models such as SnowModel-LG (Liston et al., 2020) – which simulates snowpack thermodynamics 

and redistribution processes but has been applied only to the Arctic Ocean – and simpler reconstruction models (Maksym and 

Markus, 2008; Blanchard-Wrigglesworth et al., 2018; Petty et al., 2018; Lawrence et al., 2024), which generally prioritize 

interpretability and the ability to use calibration techniques (e.g., Cabaj et al., 2023). WASSAIL combines elements of both 

approaches by incorporating a more rigorous treatment of key snow-on-sea-ice processes while remaining computationally 775 

efficient, which enables future sensitivity experiments and possible implementation of its parameterizations into global climate 

models. 

The model’s core process parameterizations (except for rain-related melt) all appear to influence the fate of intercepted snow, 

of which over one-third is lost prior to seasonal ice melt. Several of these erosion and transformation processes – particularly 

those involving wind-blown snow and density compaction – are absent from many coupled climate models, where snow 780 

density is often prescribed rather than treated as a prognostic variable. At the same time, considerable uncertainties remain as 

to the magnitudes and mechanisms of these processes, especially lead trapping. Our model neglects several potentially 
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influential but poorly constrained processes that are challenging to represent accurately, including the metamorphic effects of 

liquid water and the role of snow age in diagenetic lock-up. Critically, snow-ice conversion is not explicitly represented; 

instead, we estimate it by subtracting satellite snow depth retrievals from reconstructed snow accumulation. Because snow-ice 785 

formation constitutes a major component of the coupled snow–sea ice mass budget, reconstructions like ours cannot be used 

to evaluate remote sensing estimates of snow depth without accounting for this conversion process using independent 

constraints on sea ice thickness. 

Despite these limitations, the reconstructed snow mass budget is a useful tool for clarifying the importance of snow in the 

Antarctic ice–ocean system. For example, the potential role of lead trapping in the mixed-layer salinity budget has largely gone 790 

unaddressed in the oceanographic literature, which typically assumes snow is not available for release until spring melt (e.g., 

Gordon et al., 1984; Martinson and Iannuzzi 1998). Snow-derived freshwater fluxes influence upper-ocean stratification, which 

may in turn modulate interannual variability in Antarctic sea ice (Goosse and Zunz, 2014), making a realistic accounting of 

the timing and magnitude of snow fluxes essential. Neglecting snow loss processes can also result in excessive snow 

accumulation and snow-ice formation, accompanied by spurious brine rejection into the upper ocean. Such biases could 795 

plausibly erode stratification in regions already prone to convective overturning (Kjellsson et al., 2015; Campbell et al., 2019; 

Wilson et al., 2019) or exacerbate ice melt by promoting entrainment of warm pycnocline waters. This dynamic could also 

artificially strengthen the “conveyor belt” behavior whereby Antarctic sea ice, on occasion, grows from the top via snow 

flooding while melting at its base due to elevated ocean heat fluxes (Lytle and Ackley, 2001; Maksym et al., 2012). 

Ultimately, Antarctic sea ice acts as a dynamic catchment basin for snowfall over the Southern Ocean, intercepting and 800 

funneling it toward hotspots of sea ice melt. We find that snow on sea ice supplies an annual meteoric freshwater flux to the 

ocean equivalent to more than half of the circumpolar freshwater flux from sea ice melt (Haumann et al., 2016). Our estimate 

– about twice that of a widely used data-assimilating ocean state estimate (Abernathey et al., 2016) – highlights the powerful 

role of sea ice as a spatial and temporal filter that transports snow equatorward and delays most snow release until spring melt, 

while permitting some earlier loss to lead trapping (as well as ridging). This filtering process likely influences Southern Ocean 805 

water mass transformation in profound ways: snow input adds buoyancy to upwelled deep waters destined for lower latitudes, 

while northward export of intercepted snow away from the Antarctic margin facilitates the densification of bottom-water 

precursors, helping to sustain the global overturning circulation (Talley, 2008; Lago and England, 2019). The apparent new, 

lower trajectory of Antarctic sea ice (Purich and Doddridge, 2023) raises questions about how the overlying snow cover will 

respond to – and shape – this ongoing transition in the Southern Ocean.  810 
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Appendix A 

Table A1: Coefficients for 𝑄sub
1  in Eq. (24), reproduced from Déry and Yau (2001). 

Coefficient Value 

𝑎' 3.78407 × 10-2 
𝑎2 − 8.64089 × 10-3 
𝑎3 −1.60570 × 10-3 
𝑎. 7.25516 × 10-4 
𝑎4 −1.25650 × 10-2 
𝑎5 2.48430 × 10-3 
𝑎6 −9.56871 × 10-4 
𝑎7 1.24600 × 10-3 
𝑎8 1.56862 × 10-. 
𝑎9 −2.93002 × 10-4 

 

Table A2: Latent heat of condensation 𝐿 and thermal conductivity and diffusion coefficients 𝐾 and 𝐷 adapted from Rogers and Yau (1989), 
Tables 2.1 and 7.1. 815 

𝑇a (°C) 𝐿 (J g–1) 𝐾 (J m–1 s–1 K–1) 𝐷 (m2 s–1) 

–40 2603 2.07 × 10-3 1.62 × 10-5 
–30 2575 2.16 × 10-3 1.76 × 10-5 
–20 2549 2.24 × 10-3 1.91 × 10-5 
–10 2525 2.32 × 10-3 2.06 × 10-5 
0 2501 2.40 × 10-3 2.21 × 10-5 
5 2489 - - 

10 2477 2.48 × 10-3 2.36 × 10-5 
15 2466 - - 
20 2453 2.55 × 10-3 2.52 × 10-5 
25 2442 - - 
30 2430 2.63 × 10-3 2.69 × 10-5 

 

Table A3: Simulated rate of blowing snow lost to a lead with fetch (width) of 1 km after transport over 1 km of sea ice, reproduced from 
Déry and Tremblay (2004), Table 1, in relation to 10 m wind speed. 

𝑈2' (m s–1) 𝑄lead1  (mm SWE d–1) 

10 
15 
20 
25 

12.5 
16.2 
29.1 
66.0 
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Code and data availability 

Daily gridded WASSAIL model output fields from 2023–2025 are available at https://doi.org/10.5281/zenodo.19507961 820 

(Campbell, 2026a). The Python code used to run the model and generate the analyses and figures presented here can be 

accessed at https://github.com/ethan-campbell/WASSAIL/ and is archived at https://doi.org/10.5281/zenodo.19509689 

(Campbell, 2026b). All data used in this study are publicly available. The AMSR-E and AMSR2 sea ice concentration data 

are available from University of Bremen (last access: 20 April 2025) at https://seaice.uni-bremen.de/sea-ice-

concentration/amsre-amsr2/ (Spreen et al., 2008). The CDR and CDR-NRT sea ice concentration data are available from 825 

NSIDC (last access: 21 April 2025) at https://doi.org/10.7265/rjzb-pf78 and https://doi.org/10.7265/j0z0-4h87, respectively 

(Meier et al., 2024a, b). The AMSR-E and AMSR2 snow depth on sea ice retrievals are available from NSIDC (last access: 

20 April 2025) at https://doi.org/10.5067/AMSR-E/AE_SI12.003 and https://doi.org/10.5067/RA1MIJOYPK3P, respectively 

(Cavalieri et al., 2014; Meier et al., 2018). Polar Pathfinder sea ice motion data are available from NSIDC (last access: 21 

April 2025) at https://doi.org/10.5067/INAWUWO7QH7B and https://doi.org/10.5067/O0XI8PPYEZJ6 (Tschudi et al., 830 

2019a, b). The ECMWF ERA5 atmospheric reanalysis fields are available from the Copernicus Climate Change Service (last 

access: 24 April 2025) at https://doi.org/10.24381/cds.adbb2d47 (Copernicus Climate Change Service, 2023). The snow buoy 

measurements are available from AWI (last access: 1 May 2025) at https://data.meereisportal.de/relaunch/buoy.php (Nicolaus 

et al., 2017). The CryoSat-2 snow depth estimates are available on Zenodo at https://doi.org/10.5281/zenodo.7327711 (Fons 

et al., 2023). 835 
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