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Abstract. Snow on sea ice is an essential climate variable due to its high albedo and insulating capability. In addition, snow

thickness estimates are needed to calculate sea ice freeboard and thickness (SIT) from radar altimetry measurements and

uncertainties in snow depth contribute significantly to the resulting SIT uncertainty. In recent years, progress has been made

observing or estimating winter snow depth. However, very few snow depth products exist year-round, i.e. including the summer

melt season, despite considerable snow remaining on the ice in early summer. This study is the first to assess snow depth5

estimates year-round with a focus on the so far unexplored melt season. We intercompare estimates (a) based on in situ data

from the Warren climatology and (b) two modified Warren climatologies using either ice age data or ice charts, (c) modeled

snow depth from SnowModel-LG using two different forcings, (d) a climatology of SnowModel-LG, (e) a combination of the

modified Warren climatology and the SnowModel-LG climatology, and (f) finally we also, for the first time, explore the use

of dual-frequency altimetry (KuLa) to derive snow depth estimates year-round. We compare the snow depth products against10

buoy observations of snow depth and airborne measurements of SIT, as well as mooring measurements of sea ice draft together

with CryoSat-2 freeboard data. We find that the MERRA-2 forced version of SnowModel-LG agrees better with validation

data during the melt season, because the ERA-5 forced version melts the snow much faster than any other product. When a

Warren climatology is used, we recommend using the modified version and to strictly only use it in the Central Arctic, where

it is constrained by measurements. For KuLa we find that realistic results extend into summer. However, some regions retain15

snow throughout summer, which likely indicates residual negative biases in CryoSat-2 freeboards and/or positive biases in the

ICESat-2 freeboard data.

1 Introduction

Snow on sea ice plays a critical role in the Arctic climate system due to its high albedo, contribution to the Arctic freshwater

budget, and influence on energy exchange processes. During the spring and summer months, snow depth determines the avail-20

ability of light under the sea ice, impacting primary productivity (Kauko et al., 2017), and acts as essential denning habitat

for seals and polar bears (Hamilton et al., 2017). In addition, information on the snow mass is required when converting the

observed radar freeboard to sea ice freeboard and to estimate sea ice thickness (SIT, Zygmuntowska et al. (2014)). While most
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of the snow cover melts during summer, considerable snow remains on the ice in early summer and some snow accumulation

happens throughout the summer months (Chapman-Dutton and Webster, 2024). Hence, we need a good estimate of snow depth25

also during the summer months in order to derive SIT year-round.

Concerning SIT, recent developments have enabled the first year-round sea ice thickness products from CryoSat-2 (Landy

et al., 2022) and ICESat-2 (Petty et al., 2025a). While the CryoSat-2 estimates use a summer-specific classification algorithm to

differentiate leads from melt pond covered sea ice (Dawson et al., 2022; Braakmann-Folgmann et al., 2026), misclassification

of melt ponds as leads from ICESat-2 is mitigated by filtering later on (Petty et al., 2025a). The resulting SIT shows decent30

agreement between the two sensors as well as with validation data (Landy et al., 2022; Petty et al., 2025a; Buckley et al., 2026).

In general, summer estimates are more uncertain than during the winter months, but the novel products have proven to add skill

to sea ice forecasts (Song et al., 2024; Zhang et al., 2023). A key remaining uncertainty for year-round SIT is the snow depth

on sea ice during the summer months (Petty et al., 2025a) and the fact that very few products are available-year round.

A range of methods have been developed to estimate snow depth on Arctic sea ice using in situ observations (Warren et al.,35

1999; Shalina and Sandven, 2018), passive microwave data (Comiso et al., 2003; Rostosky et al., 2018; Braakmann-Folgmann

and Donlon, 2019), dual-frequency altimetry (Guerreiro et al., 2016; Lawrence et al., 2018; Kacimi and Kwok, 2022; Carret

et al., 2025) and models (Liston et al., 2020; Zhang and Rothrock, 2003). However, most of these methods struggle in the melt

season, when wet snow becomes a black body to passive microwave sensors (Markus et al., 2006) and altimeters cannot easily

differentiate between melt ponds and leads (Braakmann-Folgmann et al., 2026) or can be impacted by shifts in the dominant40

height of radar backscattering (Taelman et al., 2026). Hence, most snow depth products are limited to the cold season (October

- April) and both method development and a previous intercomparison study have focused on this period (Zhou et al., 2021).

The upcoming ESA CRISTAL (Copernicus Polar Ice and Snow Topography Altimeter) mission is expected to deliver snow

on sea ice measurements from the difference of Ka- and Ku-Band freeboards along the same ground track, i.e. collocated with

freeboard measurements. However, also here the applicability to the melt season remains uncertain. Currently, snow depth45

retrievals from a combination of CryoSat-2 Ku-band and SARAL/AltiKa Ka-band are limited to the winter months (Guerreiro

et al., 2016; Lawrence et al., 2018), but partly because the Arctic sea ice cover retreats to mostly within the SARAL/Altika pole

hole during summer. This is the first study to assess snow depth products year-round and with a focus on the summer months,

for which almost no validation has so far been conducted.

The few existing snow depth estimates that cover the summer months are the original and modified Warren climatologies50

and SnowModel-LG. As the latter is not updated operationally, we also build a climatology from 13 years of data and compare

the results to estimates from the specific years (where available). We also test a combination of Warren and SnowModel-LG, as

introduced in the baseline-E winter and summer sea ice ESA CryoTEMPO (CryoSat ThEMatic PrOducts) products (European

Space Agency, 2026). In addition, we calculate and assess the ICESat-2 versus CryoSat-2 dual-altimetry difference (KuLa)

year round to test its applicability for the summer months. KuLa yields good results in winter (Carret et al., 2025), but has so55

far never been applied year-round. With the recent advances in CryoSat-2 and ICESat-2 freeboard estimates over the summer

season, we now test its applicability in summer too.
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2 Snow depth products

This section introduces the various snow depth products assessed in this paper. Table 1 gives an overview of the spatial and

temporal sampling and coverage of all input data.60

2.1 (Modified) Warren climatology - W99, mW99-IA, mW99-IC

The Warren climatology (W99) was developed by Warren et al. (1999) based on in-situ measurements from Soviet drifting

stations between 1954-1991, primarily over multiyear ice (MYI) and in the Central Arctic. Owing to a lack of suitable op-

erational alternatives, this climatology is still the basis for regularly used snow depth parametrisations. It has conventionally

been applied to the winter months and is yet to be tested for summer months, but the climatology itself is year-round. W99 is65

defined by a polynomial function of 2nd order at monthly intervals. Since it is only constrained by observations in the Central

Arctic, we only use it there. Our validation experiments show extremely high errors in the Barents Sea and Fram Strait, where

the Warren polynomial functions are evaluated outside their intended domain. Therefore we do not report these results, but

acknowledge the limitation for Arctic-wide applications or studies on the marginal ice zone.

To account for thinner snow depths on first year ice, which was less prevalent and undersampled during the time of the W9970

data acquisition, a modified Warren climatology has been suggested. Here, the snow depth estimate of the original climatology

is halved in areas of first-year ice (FYI, Kurtz and Farrell (2011)). This requires additional data to differentiate between FYI

and MYI. We test two different products that are available year-round to assess the impact of the additional input data. The

first one is the NSIDC sea ice age data (Tschudi et al., 2019b) covering the years 1984-2024. Corresponding quick-look data

exists up to 2025 (Tschudi et al., 2019a). The ice age data is provided at weekly time intervals and on a 12.5 km grid. We refer75

to the modified Warren climatology using this ice age data as mW99-IA from here on. The second product is based on the US

ice charts of thin ice, FYI and MYI concentration, which is operationally available from NSIDC (U.S. National Ice Center,

2020) since 2003. Just like the ice age data, ice charts are provided on a weekly basis, but at 10 km resolution. We refer to the

modified Warren climatology using the ice charts as mW99-IC.

While the ice age data yields an integer value per grid cell (ice age in years), the ice chart gives a percentage of MYI80

concentration. As we compare all products on an 80 km grid, we build our own "MYI concentration" from the ice age data by

calculating the percentage of 12.5 km grid cells within the 80 km grid cell that contain ice older than one year. Thus, we can

use MYI concentration from either the ice age data or the ice charts to linearly reduce W99 snow depth in areas of FYI. We

multiply W99 snow depth with 0.5 · (1 + MYI fraction), i.e. areas with 100 % MYI concentration are equal to W99, in areas

with 0 % MYI concentration snow depth is halved and in areas with mixed ice types it is graded in between.85

2.2 SnowModel-LG (climatology) - SMLG-M2, SMLG-E5, SMLG-M2-Clim

SnowModel-LG is a Lagrangian snow evolution model, forced with reanalysis data from either MERRA-2 or ERA-5 atmo-

spheric reanalysis data and modeling sea ice drift and snow evolution for each parcel (Liston et al., 2020). It includes new

snowfall, the redistribution due to wind, compaction, melt, sublimation, and the formation of superimposed ice. The data is
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Table 1. Overview of spatial and temporal sampling and coverage of the input data as well as how the intercomparison and validation are

performed

available daily at 25 km resolution. Updated versions are released at irregular intervals and the latest official version covers 190

August 1980 to 31 July 2021 (Liston et al., 2021). Validation has mainly focused on the winter (Stroeve et al., 2020). We refer

to the MERRA-2 forced version as SMLG-M2 and to the ERA-5 forced version as SMLG-E5.

As SnowModel-LG is not released operationally, we also calculate a climatology from the MERRA-2 forced version using

data from January 2010 to December 2022 to allow operational use and to investigate the impact of using a climatology

compared to inter-annually varying data. As the initial version of the SnowModel-LG climatology still has data gaps and95

model artifacts, such as heavily accumulated snow near coastal areas, further post-processing is applied. All data within 100

km of the coastline in the central Arctic Basin and North Atlantic as well as all data from the Canadian Archipelago are

eliminated to reduce coastal model artifacts. Instead, these gaps are then filled using a low-pass Tophat kernel filter with a

width of 500 km. Any remaining gaps (i.e. further than 250 km from the nearest valid data point) in the Canadian Archipelago

are then filled with the mean snow depth observed in the Hudson Bay region. Finally, two low pass filtered versions of the snow100

field are computed: In the central Arctic Basin a tophat filter kernel with a width of 500 km is used to smooth SnowModel-LG

data, while a 250 km tophat filter is applied in regions outside the central Arctic Basin to preserve finer spatial structures.

Then, the low pass filtered outputs are merged and data outside the climatological sea ice mask are discarded. We call the result

SMLG-M2-Clim in short.

2.3 Merged solution - mW99+SMLG105

As the (modified) Warren climatology is only valid in the Central Arctic, while SnowModel-LG accumulates errors the longer

the sea ice survives (i.e. is more uncertain over older ice), we combine both in a merged product. We use mW99-IC in the

Central Arctic, where valid, and SMLG-M2-Clim elsewhere. For a smoother result, both are averaged in a 500 km wide band

at the edge of the W99 validity mask. The use of ice charts over ice age data and the SnowModel-LG climatology are motivated

by operational requirements. This solution, here called mW99+SMLG (Hendricks, 2026) has been used as the year-round snow110

depth product for converting radar to sea-ice freeboards in the latest CryoTEMPO Baseline-E, for both winter and summer sea
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ice themes. However, this is not to be confused with the separate CryoTEMPO snow depth thematic product calculating winter

snow depth from dual altimetry. In this study we test mW99+SMLG, which is available year round, and also calculate snow

depth from dual-altimetry ourselves following the concept of the CryoTEMPO snow theme, but year-round (next section).

2.4 Dual altimetry - KuLa Clim115

Assuming that ICESat-2 (laser, La) measures snow freeboard and CryoSat-2 (Ku-band radar, Ku) measures sea ice freeboard,

their difference yields snow depth (Kacimi and Kwok, 2022; Carret et al., 2025; Landy et al., 2026b). As ICESat-2 was launched

in September 2018, we build a climatology from the years 2019-2024. From ICESat-2 we use the ATL20 daily gridded snow

freeboard data year-round (Petty et al., 2025b). For CryoSat-2, we use L1b data retracked with the LARM retracker (Landy

et al., 2020) for the winter months (Oct-Apr) and CryoTEMPO radar freeboard data during the summer months (May-Sep).120

The along-track CryoSat-2 data is binned onto the same grid as ICESat-2 for each day. During the melt season, the presence

of melt ponds introduces a negative EM-bias, as the highly reflective melt ponds dominate the radar return signal, but sit lower

than the average ice floe surface (Landy et al., 2022; Braakmann-Folgmann et al., 2026). Therefore, this bias is approximated

as a function of sea ice roughness and melt pond fraction (Landy et al., 2022) and the gridded data is corrected for this bias.

As the bias correction is snow depth dependent (Landy et al., 2022), we perform five iterations. First we calculate snow depth125

as the difference between ICESat-2 and CryoSat-2 freeboard data without the bias correction. Then we iteratively calculate (i)

the bias correction based on the resulting snow depth and (ii) snow depth using the bias-corrected CryoSat-2 freeboard data

until convergence (5 iterations needed). To cover almost all grid cells, we also apply a running mean of +/- 15 days to both

the ICESat-2 and (bias-corrected) CryoSat-2 maps. Another factor we need to consider is the slower propagation speed of the

radar signal through the snow pack. For this we estimate snow density ρs as a function of days since August 1st t following130

Mallett (2025):

ρs = 0.35 · t+239.78 (1)

With this we can calculate the speed of light within the snow layer cs with respect to the speed of light in vacuum (Ulaby

and Long, 2014):

cs
c
= (1+0.51 · ρs/1000)−1.5 (2)135

And we can correct for the slower speed of the radar signal in the snow layer when calculating snow depth hs:

hs = (fbLa − fbKu) ·
cs
c

(3)

Here, we take the difference for each day from 1 January 2019 to 31 December 2024. As a final step, we build a daily

climatology from the 6 years of overlapping data and abbreviate it KuLa Clim.
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3 Reference data140

To validate the snow products, we use buoys measuring snow depth, airborne and helicopter-borne measurements of freeboard

and thickness as well as mooring data of sea ice draft. The validation data cover different regions and ice types and all months

including the more challenging summer period of May to September (see Figure 1). In addition, melt freeze indicators from

passive microwave data are used to investigate the timing of snow ablation.

3.1 Buoy measurements of snow depth145

We use snow depth estimates from snow buoys and ice mass balance (IMB) buoys of 126 buoys in total. This dataset consists

of snow buoys available from meereisportal.de (Nicolaus et al., 2017) and IMB buoys processed by Preußer et al. (2025), Lei

et al. (2021) and Salganik and Landy (2025) covering the years 2010-2020 (see Figure 1). The snow buoys have four ultrasonic

sensors installed around a central pole measuring the distance to the snow surface. Similarly, the IMB buoys measure the

distance to the snow surface at one point and record ice thickness with an additional sensor under the ice. The buoys drift150

with the sea ice floe on which they were deployed, until the floe melts or until the sensor falls over or fails. We set negative

snow depth measured by the buoys to zero, assuming this indicates a fall over or tilt of the system. The advantages of buoy

observations are that they offer high temporal coverage, provide a direct in situ measurement of snow depth, and cover various

areas of the Arctic Ocean (see Figure 1). On the other hand, the measurements only represent snow depth at one/four points

within ∼ 1x1 m, which is hard to compare to the much larger-scale snow products, as snow depth tends to be very heterogeneous155

even on small spatial scales and on the same ice floe (Sturm et al., 2002). We include the buoys in our comparison, as they are

the only means of in situ snow depth measurement in summer, but keep in mind their limited ability to represent large-scale

snow depth and focus on the temporal evolution (Petty et al., 2025a; Wever et al., 2021; Zhou et al., 2021).

3.2 Airborne and helicopter-borne measurements of sea ice freeboard and thickness

We use airborne measurements from two Operation IceBridge (OIB) campaigns measuring snow freeboard (sea ice freeboard +160

snow depth), various IceBird campaigns measuring total SIT (ice thickness + snow depth) and the MOSAiC (Multidisciplinary

drifting Observatory for the Study of Arctic Climate) helicopter measurements of total SIT. Figure 1 shows an overview of the

flight tracks and when they were acquired.

NASA’s OIB campaigns took place on 16 and 19 July 2016 and 24 and 25 July 2017. The OIB laser scanner freeboards were

derived from raw height observations using the method described in the supplementary material 1 of Dawson et al. (2022).165

OIB observations have a footprint of 40 meters.

The Alfred-Wegener-Institute (AWI) conducted a series of airborne electromagnetic bird flights (AEM) in spring and summer

2016-2024 (24 July-1 August 2016, 2-8 April 2017, 13-28 August 2017, 31 July-13 August 2018, 2-10 April 2019, 5-10 August

2023, 12 April-6 May 2024 and 26 July-7 August 2024, Belter et al. (2021); Jutila et al. (2024); Krumpen et al. (2025)). This

dataset includes total (snow plus sea ice) thickness observations with a footprint of 10s meters.170

6

https://doi.org/10.5194/egusphere-2026-5997
Preprint. Discussion started: 20 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 1. Validation data used for comparison: Mooring data from the Beaufort, Laptev and Barents Sea are available year-round (when sea

ice covered) and marked by grey triangles. Airborne and helicopter-borne observations as well as buoy data are colour coded by the time of

acquisition. As the MOSAIC helicopter data covers smaller areas and was collected at the same locations and times as the MOSAIC buoys,

the data overlap, but can be differentiated when zooming in.
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Finally, we also use helicopter-borne electromagnetic bird flights (HEM) from the MOSAIC campaign (von Albedyll et al.,

2021). These flights took place on 14 October 2019, 4 April 2020, 10 April 2020, 17 April 2020, 26 April 2020, 30 April 2020,

19 June 2020, 21 June 2020, 22 June 2020 and 7 July 2020 and have a footprint of several meters.

3.3 Mooring measurements of sea ice draft

Upward-looking sonar (ULS) and Acoustic Doppler Current Profiler (ADCP) data of sea ice draft are used covering three175

locations in the Beaufort Sea, seven locations in the Laptev Sea and eight locations in the Barents Sea. This yields a good

spatial distribution of validation datasets, covering several first-year ice areas, and hence complementing the airborne data

over thick and rough MYI (see Figure 1). Temporally, the ULS data from the Beaufort Gyre Exploration Program (BGEP,

https://www2.whoi.edu/site/beaufortgyre/) contain data from 2011-2023 capturing the full seasonal evolution over more than

a decade. Hence, they allow for an assessment across all stages of cold winter snow, snow melt, melt pond formation, draining180

and re-freezing. In the Laptev Sea (Alfred-Wegener-Institute, Belter et al. (2019, 2020)) and Barents Sea ((Onarheim et al.,

2024; Divine et al., 2025)), the ice cover disappears earlier (between May-July depending on the year and mooring location),

but as the airborne data mainly cover July-August, this makes a valuable addition to the overall dataset and balances the

temporal coverage across the so far unvalidated summer months as well as the spatial coverage by extending more into the

marginal ice zones. Data from the Laptev Sea moorings is available between 2010 and 2016. Six of the Barents Sea mooring185

locations use ULS, which were deployed between 2013 and 2022 and the remaining two are ADCP sensors, which recorded

data between 2018 and 2021.

3.4 Melt onset timing

A key difference between the various snow depth products is the timing of snow melt onset and freeze-up, i.e. when snow

ablation and accumulation start. Therefore, we compare the snow depth products to melt and freeze indicators derived from190

passive microwave observations (Steele et al., 2026) following Markus et al. (2009). This data yields four dates for each 25 km

grid cell and each year (1979-2023): early melt onset, continuous melt onset, early freeze onset and continuous freeze onset.

Early melt refers to the first day when melt is detected. Continuous melt and early freeze onset are the first and last days of the

main melt period.

4 Methods for comparison195

To inter-compare the different snow depth products and validate them against in situ data, we need to harmonise their spatio-

temporal sampling and calculate the same geophysical variables (e.g. SIT) with different snow depth estimates.

4.1 Sampling and gridding

As each snow depth product comes at a different spatial resolution and projection, we grid them on a common 80 km polar

stereographic grid (+proj=stere +lat_0=90 +lat_ts=70 +lon_0=0 +x_0=0 +y_0=0 +datum=WGS84 +units=m). For Warren we200
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evaluate the polynomial directly at the grid locations. SMLG, the ice age data and ice charts and the KuLa climatology (which

is originally computed on the ICESat-2 grid) are regridded (using the xESMF conservative_normed regridder, Zhuang et al.

(2022)). Target grid cells are assigned a value when at least 50% of their contributing area contains valid data and in this case

the value is the area-weighted mean. Also the airborne and helicopter-borne data are averaged onto the same 80-km grid. Due

to the smaller spatial coverage of the helicopter data, each flight day yields only one data point.205

In terms of temporal sampling, we resample each snow depth product daily. For monthly climatologies (W99 and SMLG-M2

Clim), we assume the values represent the 15th of each month and perform a linear interpolation. For the ice charts and ice age

data we perform a nearest neighbor interpolation between available dates (usually weekly).

When comparing to snow depth observations from the buoys, we average both the snow depth and in situ data at 5 day

intervals to reduce noise. For comparisons of sea ice freeboard, SIT and draft, which require CryoSat-2 freeboard data together210

with snow depth estimates, we sample all data biweekly (twice a month), to avoid data gaps in the CryoSat-2 data. We also

employ a larger search radius of 100-200 km (depending approximately on the local mean ice drift speed) when comparing to

validation data to account for the larger spatial resolution of the satellite and snow data as well as ice drift over the two weeks.

4.2 Sea ice freeboard, SIT and draft

One key application of snow depth products is their use in converting satellite radar or laser freeboard observations to sea ice215

freeboard, SIT and sea ice draft. Therefore, we also test the impact of the various snow depth products on this conversion

together with CryoSat-2 radar freeboard. Just as for the KuLa climatology, we use LARM retracked CryoSat-2 observations in

winter and the CryoTEMPO summer sea ice product for May-September. To convert radar freeboard hrfb to sea ice freeboard

hfb, we correct for the slower propagation speed of the radar signal in the snow layer using

hfb = (hrfb +∆hrfb)+ δphs(
c

cs
− 1) (4)220

where ∆hrfb is the bias-correction added in the summer month to compensate for a melt pond induced EM bias ((Landy

et al., 2022)). The bias correction, c
cs

and ρs are calculated as described in section 2.4. The penetration depth factor δp is set to

0.9 following Landy et al. (2022). For snow depth hs we use the various snow depth estimates. Instead of the Mallett (2025)

parametrisation of ρs we also tested using the snow density estimates from Warren and SMLG and found little difference.

Since KuLa does not yield a density estimate and to separate the impact of the snow depth estimates, we therefore decided to225

use a common snow density parametrisation for all snow depth estimates.

Then we convert sea ice freeboard to SIT assuming hydrostatic equilibrium, where sea water density ρw = 1024 kg/m3:

SIT =
hfb ρw +hsρs − hsρw + δphs ρw +1000hmw

ρw − ρi
(5)

For sea ice density ρi and the additional melt water loading term hmw we employ the new parameterisations by Landy et al.

(2026a).230
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And finally, draft is simply calculated as SIT minus sea ice freeboard.

draft= SIT −hfb (6)

For the OIB campaigns measuring snow freeboard, we derive sea ice freeboard by subtracting the various different snow

depth products. Similarly, SIT is derived from the total thickness measured by IceBird and the MOSAIC helicopter surveys by

subtracting the various snow depth estimates from total thickness. This means that the snow depth estimates are used twice in235

the airborne comparison - once to derive sea ice freeboard and SIT from CryoSat-2 radar freeboard observations and once to

reduce the total freeboard and total thickness measurements by the airborne and helicopter data.

5 Results and Discussion

We start with an intercomparison of the various snow depth products to understand their characteristics, where they agree and

where they differ. Then we compare them to snow depth observations from buoys before assessing the impact of the different240

snow depth estimates on the resulting SIT and draft. Finally, we discuss the applicability of KuLa dual-altimetry snow depth

for the summer months.

5.1 Intercomparison of snow products

First, we assess the spatial patterns and temporal evolution of the various snow depth products and intercompare them. Figure 2

shows monthly maps of snow depth for 2019. In addition to the individual products we also plot the mean and standard deviation245

of all available products per grid cell to assess their agreement and differences. The last column indicates the melt/freeze state

of the snow based on passive microwave data (Steele et al., 2026). All data are cut to 50 % sea ice concentration using

OSISAF-450 ((Lavergne et al., 2019)) to show the same ice covered areas of 2019. For the (modified) Warren climatology, it

is apparent that the extrapolated snow depth is overestimated on both sides of Greenland and negative values occur in the Kara

Sea. Therefore, we only use the data constrained by actual measurements (opaque in Figure 2) in the following analysis.250

As anticipated, the Warren climatology yields the highest snow depth of all products throughout the year and appears very

smooth without local variations due to the simple polynomial. The two modified Warren climatologies clearly reflect the spatial

patterns of the MYI boundary. The general pattern is similar using either the ice age product or ice charts, but they differ in the

exact outline of the MYI edge and mW99-IA exhibits more local variation in areas of mixed ice types (e.g. North of Svalbard

in February). mW99+SMLG and mW99-IC are the same in the Central Arctic and only differ in areas where mW99-IC needs255

extrapolation. In those areas, on the other hand, mW99+SMLG is equal to SMLG-M2 Clim (next column). Regarding the

SMLG-based products, SMLG-M2 and SMLG-E5 show minimal differences up to May. However, they strongly disagree in

June, when the ERA5 forcing already melts away the entire snow cover in large parts of the Arctic and yields zero snow depth

across the whole Arctic for both July and August. In contrast, the MERRA2 forcing leads to slower snow melt, with most

areas still exhibiting a significant snow cover in June, roughly half of the Arctic being snow free in July and some minor260

snow accumulation already happening in August. The higher snow depth from SMLG-M2 then persists throughout autumn.
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Figure 2. Monthly maps (15th of each month) of snow depth from the various products as well as their mean and standard deviation for 2019.

The last column shows the melt/freeze state as indicated by Steele et al. (2026). For the Warren climatologies we plot data that is extrapolated

beyond the area where the climatology was defined as semi-transparent. In the following analysis we only use the valid (opaque) data, though.
11
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SMLG-M2 Clim is based on SMLG-M2 and generally shows a similar average snow depth, however with significantly less

spatial variation and naturally no inter-annual variation. We can also see a similar pattern of sharply higher snow depth in

MYI areas from mW99-IA, mW99-IC, SMLG-M2 and SMLG-E5, that is not captured by the pure climatologies. The KuLa

climatology somewhat resembles the SMLG-M2 Clim, albeit with higher snow depth North of Greenland and the Canadian265

Arctic Archipelago in a thinner band, whereas the highest snow depth in SMLG-M2 Clim is concentrated across the Central

Arctic. Furthermore, KuLa starts accumulating snow earlier - already in August and snow depth North of Greenland and the

Canadian Arctic Archipelago already reach 25-30 cm in September, whereas SMLG-M2 Clim only estimates them to be 5-10

cm.

The overall mean reflects the general patterns of spatio-temporal snow depth evolution including the higher snow depths270

in MYI areas. The standard deviation across all products highlights months and areas with the highest discrepancies. From

January to April an area North of Svalbard indicates high discrepancies between the products, as SMLG predicts lower snow

depth, while the Warren-based products estimate snow depth to be high. June is the month with the highest variation amongst

the products, at a time when snow depth is around the annual peak and the timing of snow ablation can vary between datasets.

In contrast, August is the month with lowest standard deviation, as snow depth is also lowest. These are also the months, where275

the in situ observations by Warren et al. (1999) show the highest (June) and lowest (August) root mean squared error of the fit

and interannual variability. In autumn the biggest discrepancies are North of Greenland and the Canadian Arctic Archipelago,

where the Warren-based products and KuLa Clim estimate snow depth to be high, while the SMLG products show less of a

spatial gradient. If we assume that the in situ observations from Warren et al. (1999) are still representative for this area of thick

MYI, this would indicate an underestimation of SMLG in this area and question the decision to convert all remaining snow to280

ice on 1st August, as the observations by Warren et al. (1999) suggest that some snow survives the summer. On the other hand,

the KuLa difference is especially affected by freeboard biases and discrepancies in this area as discussed in section 5.5. The

average standard deviation between the products is around 4 cm year-round and for both the winter (Oct-Apr) and summer

months (May-Sep) average. June sticks out as the most uncertain month in terms of average discrepancy between products (7

cm), whereas August has the lowest discrepancy (2 cm).285

Finally, we also assess the agreement with passive-microwave based estimates of snow melt and freeze onset. May is the

first month where continuous melt occurs around the margins and these areas either lose ice completely by mid June (Chukchi

Sea) or show lower snow depth in mid June (Fram Strait). For 15th June the passive microwave data suggests a patchy mix of

no melt yet, early melt and continuous melt, before the whole Arctic experiences continuous melt by mid July. We also observe

the clearest reduction in snow depth across all products between June and July - except for SMLG-E5, where the main drop290

already occurs from May to June. On 15th August, parts of the Central Arctic start to experience early freeze onset and by

15th September essentially the whole Arctic has reached a continuous freeze stage again. This matches with all snow products

starting to accumulate snow again between August and September.

To learn more about the seasonal cycle of the various snow depth products, we average all of them across the whole Arctic

and all available years (2010-2021 for SMLG, 2019-2024 for KuLa and 2010-2024 otherwise, Figure 3). To avoid differences295

due to coverage, we only keep areas where all products have valid data (i.e. the Central Arctic, where Warren is defined) and
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Figure 3. Temporal evolution of snow depth averaged in the common areas where all products contain valid data across all years. This is

mainly the Central Arctic, where the Warren climatology is well defined. Therefore, mW99-IC is equal to mW99+SMLG and not shown

separately. Thin, semi-transparent lines represent individual years and bold lines represent the average of the years 2010-2024, except for

SMLG it is 2010-2021 and 2019-2024 for KuLa. The decrease in November is due to new ice formation (sharp increase in valid grid cells),

which lowers the average snow depth.

where sea ice concentration is > 50 % across all years. Again, we find that W99 yields the highest snow depths by some margin

- only in the second half of August the KuLa climatology is around as high as W99. The second highest are mW99-IC and

mW99+SMLG, which are identical in the analysed area. Apart from a short period in September, these are consistently higher

than mW99-IA, showing that the ice charts define larger areas as MYI than the ice age product. The ice charts also have a larger300

interannual variation (spread of the green shading in Figure 3). Throughout winter and early spring all SMLG products and

KuLa agree very well and also mW99-IA agrees with them between February and May. In contrast, there are clear differences

in the summer months, with SMLG-E5 declining earliest and fastest. SMLG-M2 and KuLa agree on the melt onset timing,

but the drop in SMLG-M2 is steeper and KuLa retains ∼5 cm of snow throughout the summer. SMLG-M2 also shows ∼3 cm

snow remaining by the end of July, which then becomes superimposed ice on 1st August according to the model configuration305

(Liston et al., 2020). Where monthly climatologies were generated and interpolated linearly, we observe these artefacts mainly

in the dynamic melt season. Overall, the timing of all snow products agrees fairly well with the passive microwave derived

indicators of early and continuous melt onset, as they all start to decline between early melt onset and continuous melt onset and

shows the steepest gradient around the continuous melt onset indicator - again with the exception of SMLG-E5 that is mostly
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gone by continuous melt onset. The observed snow accumulation starts in August for all products, which is slightly earlier310

than the freeze onset indicators. In October the KuLa Clim snow depth is more or less stable, while all other products increase.

An investigation of the input data shows that this comes from the ICESat-2 data, where total freeboards increase until October

each year, then stagnate for about a month before shortly dropping between late October and early November. Afterwards

ICESat-2 freeboards steadily increase again. The KuLa evolution in October might therefore be an artefact in the ICESat-2

processing and should be investigated further. Before the drop the KuLa Clim agrees more closely with the Warren products,315

but then approaches the SMLG products in November and December. All datasets show a period of decreased average snow

depth around late October/early November due to the extensive formation of snow-free new sea ice. Investigating the number

of valid grid cells that are used for the average confirms that this period corresponds to the fastest sea ice growth period across

all years.

5.2 Validation against snow and ice buoys320

Having analysed the different characteristics of the various snow depth products, we now compare them to in situ observations

of snow depth from snow and ice buoys. Overall, we find low biases for most products across all seasons (Table 2). SMLG-M2

and also its corresponding climatology yield no bias, but also SMLG-E5, KuLa Clim and mW99-IA yield biases of only 2 cm

(plus or minus). The Warren climatology yields the highest bias of +6 cm. The RMSE is significantly higher for all products

and varies from 14-16 cm. Correlations are generally low and vary from 0.11 (SMLG-M2 Clim) to 0.29 (mW99-IA).325

We also analyse the evolution of snow depth since buoy deployment by setting the initial snow depth to zero for both the

buoy and snow products (Figures A1,4, Table 2). Only buoys with > 10 data points (i.e. recording for > 46 days) are considered.

Doing so, we can no longer analyse the agreement in absolute snow depth, but we mitigate uncertainties due to the specific

deployment location and focus only on changes in snow depth over time. While the comparison of absolute values yielded an

average correlation of 0.22, the relative change analysis increases it to an average of 0.51 (Table 2). mW99-IA and SMLG-M2330

yield the highest correlation in relative change. Also visually, we find that the snow products and buoys agree on the main

patterns (stable / increase / decrease), but the snow products behave more similarly amongst themselves (Figure A1). Looking

at the distribution of snow depth evolution, the buoys show a long tail of snow accumulation, while most snow depth products

are more symmetric (Figure 4). This most likely reflects the difference in scale between buoys and the snow products, with a

higher probability that a buoy captures more extreme accumulation than a product with 10+ km resolution. The KuLa Clim335

yields by far the narrowest distribution, underestimating snow accumulation and ablation. Both versions of SMLG exhibit the

widest spread, capturing both extremes of snow accumulation and melt, albeit still with some scatter.

The biggest shortcoming of buoy comparisons is their limited representativeness (Petty et al., 2025a). While each buoy

only gives a point measurement (or an average of four measurements within 1 m2), most snow products are developed at

km-scales. The snow cover is also known to be highly heterogeneous even on small spatial scales (Sturm et al., 2002). Hence,340

this mismatch in spatial scales is a major limitation. To somewhat compensate for it, we select and average the snow depth

measurements of 25 buoys that were deployed close to each other during the MOSAIC campaign. The spread of the individual

buoys confirms the large variability within a small area (Figure 5). Between October and January, SMLG-E5 is the only snow
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Figure 4. Comparison of relative snow depth evolution since buoy deployment [m] versus the various snow depth estimates [m]

product slightly underestimating the buoy mean, while the KuLa Clim is more or less spot on and the remaining snow products

exhibit a slight overestimation. From January onward all products overestimate snow depth compared to the buoy mean, but345

stay within the spread of the individual buoy measurements until July. Transect data from MOSAIC is consistently higher than

the buoy average (Itkin et al., 2023), and therefore closer to the various snow depth products. The transects indicate average

snow depths of around 20 cm in December and around 25 cm in April, May, but no measurements are available for the most

critical melt onset period of June (Figure 7 of Itkin et al. (2023)). Therefore, we use the continuous buoy measurements and

focus more on the relative evolution. The general behaviour and differences in this case study are similar to the overall mean350

(Figure 3), but thanks to the buoys we can now determine which evolution best matches reality. The buoy mean snow depth

drops sharply at the end of May, somewhat stabilizes in early June and the mean reaches zero in early July. However, a lot

of individual buoys already reach zero end of June. Both SMLG versions and the SMLG-M2 Clim start declining slightly

before the main drop in mean buoy snow depth. SMLG-E5 is the first one to reach zero snow depth - together with the first

buoys dropping to zero, but significantly before the buoy mean. SMLG-M2 captures the timing of snow melt best, closely355

following the buoy mean. The corresponding climatology declines a bit too slowly and has too thick snow in April. The KuLa

climatology and all versions of the (modified) Warren climatology, including mW99+SMLG, estimate a later snow melt onset

than recorded by the buoys, but KuLa is still only slightly delayed, whereas the Warren-based products are almost one month

late. This mainly indicates that snow was melting earlier than usual in the specific area in 2020 and a general limitation of

climatologies is that they do not capture inter-annual anomalies, in either depth or timing of seasonal transitions. If the KuLa360

Clim would reach zero snow depth, it would actually still capture the full snow melt quite well. However, it levels out around
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end of June and stays at about 5 cm throughout summer, highlighting the mid-summer bias evident in Figure 2. Finally, the

W99, mW99-IC and mW99+SMLG essentially show the same evolution, as the ice charts mark the area as MYI. All three

curves (mW99-IC not shown) reveal by far the highest snow depth throughout, drop latest and still retain 10 cm of snow at the

end of July. In contrast, the ice age product indicates mixed ice types and therefore mW99-IA yields lower snow depth, but still365

with a late decline and not reaching zero. Overall, we find that SMLG-M2 captures the melt evolution best, followed by KuLa

Clim and SMLG-M2 Clim but with a slight offset in absolute snow depth. SMLG-E5 drops earliest, which is representative for

areas of lower snow depth, but too early compared to the mean.

Plotting the agreement between the mean of the MOSAIC cluster and the various snow products at 5-day intervals confirms

these observations (Figure 6). SMLG-M2 mostly follows the 1:1 line especially for lower snow depth measurements as snow370

melts to zero. For SMLG-E5 we can clearly see how the model predicts snow ablation to zero before the buoy observations and

the opposite behaviour is seen from all other products at smaller or greater extent. KuLa Clim and SMLG-M2 Clim exhibit more

or less a parallel line to the 1:1 line for the melt period (downward pointing triangles in Figure 6), constantly overestimating

snow depth (potentially because snow depth was lower than in other years and these products are climatologies).

Overall, SMLG-M2 shows the best agreement with all the buoys in terms of melt onset timing, capturing the full range of375

values, no absolute bias and a high correlation. mW99-IA also shows high correlation, but agrees much worse in terms of melt

onset timing for the MOSAIC buoys. KuLa Clim and SMLG-M2 Clim do well within the limitations of being climatologies

and SMLG-E5 yields high correlations and good overall agreement, but melts too early compared to the buoys.

5.3 Validation of freeboard and SIT against helicopter and airborne data

One of the main applications of snow depth estimates is the calculation of sea ice thickness. Therefore, we also analyse the380

impact of the various different snow depth products on the resulting SIT. However, we have to keep in mind that several other

observations and assumptions with non-negligible uncertainties affect SIT estimates and may mask the effect of snow depth.

In particular, uncertainties in CryoSat-2 radar freeboard and ice density can contribute substantially to the overall uncertainty

in SIT (Ricker et al., 2014; Sievers et al., 2024). Both have higher uncertainties in the melt season, just like snow depth. As the

focus of this paper is on the much less explored summer season, the selected OIB campaigns are exclusively from the summer385

months (July, see Fig. 1), most of the IceBird campaigns considered here were also conducted in summer (late July - August),

but data from April is included, too. Finally, we use helicopter-borne surveys from the MOSAIC campaign covering October -

July with most flights conducted in April and June (see Fig. 1).

During the OIB campaigns, sea ice freeboard was measured with an airborne lidar system and 35 grid cells were covered.

Snow depth affects the OIB laser scanner freeboard, because this is the total freeboard (e.g. sea ice freeboard + snow depth).390

It also affects the conversion of CryoSat-2 measured radar freeboard to sea ice freeboard through the delay in the propagation

speed through the snow layer. Hence, we test the impact of different snow depth products on the agreement between CryoSat-2

derived and OIB derived sea ice freeboard. Our comparisons show clear differences when different snow depth products are

used together with the same CryoSat-2 radar freeboard data (Table 2). While mW99-IC and mW99+SMLG (which are the

same in the Central Arctic where the data was collected) yield no bias at all, using SMLG-M2 results in an 11 cm bias. The395
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Figure 5. Temporal evolution of snow depth as measured by the individual MOSAIC buoys (thin grey lines), their average (bold black line)

and the different snow depth products (coloured lines) from October 2019 to August 2020. The light red and red vertical lines indicate early

and continuous melt onset derived from passive microwave observations.

RMSE varies between 6 cm for the KuLa Clim and 12 cm for both versions of SMLG. The Pearson correlation coefficient lies

between 0.72 for both versions of SMLG and 0.84 for W99, mW99-IC and mW99+SMLG. For comparison we also calculate

sea ice freeboard assuming no snow and this gives the same results as SMLG-M2. Hence, this comparison suggests that snow

was still present in July, when the OIB flights were conducted - unless the assumption of snow compensates other biases in the

CryoSat-2 radar freeboard. In any case, the combination of CryoSat-2 freeboard and a Warren derived snow product (or KuLa400

Clim) yields sea ice freeboards that agree significantly better with airborne measurements than assuming no snow or using a

SMLG derived product.

Next, we study the impact of different snow depth solutions on SIT by comparing with IceBird flights (Figure 7). We have

227 data points from IceBird out of which 216 are valid for the Warren products. For IceBird we generally find worse agreement

independent of which snow product is used. The lowest bias of -0.66 m and RMSE of 1.20 m are achieved in combination405

with W99. mW99-IC yields the highest correlation coefficient of 0.49. Just like for OIB, the SMLG derived products perform

worse. However, assuming no snow is worst (bias -1.50 m, RMSE 1.86 m, correlation 0.09, Table 2) and using any snow

product notably improves the correlation. In all cases, CryoSat-2 underestimates SIT compared to IceBird. Higher snow depth

estimates increase the SIT estimate and hence agreement with IceBird. However, the fact that W99 still underestimates SIT

indicates that other biases from CryoSat-2 freeboard and ice density impact the comparison over these especially ridged,410

17

https://doi.org/10.5194/egusphere-2026-5997
Preprint. Discussion started: 20 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 6. Comparison of mean snow depth measurements from MOSAIC buoys [m] versus the various snow depth estimates [m]. Downward

pointing triangles indicate the melt period from 28th May onward.

challenging areas and higher snow can compensate some of this, but it is questionable whether higher snow depth than W99

are reasonable.

Finally, we investigate the helicopter-borne SIT estimates from the MOSAIC campaign. Due to the smaller reach of the

helicopter and the large CryoSat-2 grid cells, each helicopter flight yields exactly 1 data point and n=10 in total. As the

data spans various seasons, assuming no snow is clearly worse than any of the tested snow depth products in terms of bias and415

RMSE. However, the correlation is indeed better than for SMLG-M2, SMLG-E5 and KuLa Clim, indicating that these products

introduce patterns that mask the skill of pure CryoSat-2 freeboard estimates. W99, mW99-IC and mW99+SMLG achieve the

highest correlation of 0.92, while mW99-IA yields the lowest bias of -0.03 m and RMSE of 0.22 m. Interestingly, there are

strong differences between mW99-IA and mW99-IC as the ice age product indicates FYI while the ice chart identifies the area

as MYI. While the camp was established on second-year ice, large FYI areas evolved around the camp during the drift (Nicolaus420

et al. (2022)).The SMLG-M2 climatology performs significantly better than SMLG-M2 and SMLG-M2 still performs better

than SMLG-E5. The KuLa Clim estimates are third best in terms of bias and RMSE, whereas the correlation is worse than most

other products and only outperform SMLG-M2 and SMLG-E5. Overall, we find that the combination of CryoSat-2 freeboard

and a Warren derived snow product yields better agreement with airborne measurements than assuming no snow or using a

SMLG derived product. The KuLa Clim estimates are mostly in between the Warren and SMLG derived estimates.425
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Table 2. Comparison of the various snow depth products against validation data of snow depth, sea ice freeboard, sea ice thickness and sea

ice draft. Green colours indicate the best and red colours indicate the worst results (different scales for different quantities). For the buoys

we calculate the correlation both for the absolute snow depth measurements (abs. corr.) and for the relative evolution since deployment (rel.

corr.)

5.4 Validation of sea ice draft against moorings

While airborne data cover larger areas, moorings allow for a validation of the seasonal evolution. Furthermore, they comple-

ment the airborne analysis as most of the airborne data is over MYI, while the mooring data used here is mainly from FYI areas

and the marginal ice zone. The longest record is available for the BGEP moorings (n=929). Here, we find generally very good

correlation of 0.80-0.87 depending on the snow product vs. 0.72 assuming no snow. This again confirms that using any of the430

tested snow depth estimates adds skill versus assuming no snow -even when we only consider the summer data (see Figure 8).

While mW99-IA yields the highest correlation, mW99-IC and mW99+SMLG (same in this area) perform best in terms of bias

(-7 cm) and all three share the same lowest RMSE (33 cm). This is also confirmed visually (Figure 8), where SMLG, KuLa

Clim and no snow often underestimate the snow and hence draft. However, all products capture the timing of the melt onset

pretty well overall. In some years they match the mooring observations exactly, while in others they decline slightly too early.435

This might also be due to the large-scale averaging and errors in freeboard, ice density or snow density, which are the same for

all snow depth products.

For the Laptev Sea moorings (n=218), KuLa Clim yields no bias and the lowest RMSE of 0.48 m. The highest correlation

is achieved when using SMLG-M2 (0.60). Again, we observe a clear improvement when any of the snow products is used
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Figure 7. Sea ice thickness measured by IceBird [m] against CryoSat-2 based estimates using either no snow (first panel) or the various

snow depth products where all snow products are valid. mW99-IC equals mW99+SMLG in the area where all products are valid (i.e. Central

Arctic), so only the latter is shown.

compared to no snow. The modified Warren products yield lower biases, while the SMLG products yield higher correlations.440

The KuLa climatology stands out with a much lower bias than any other product, while the correlation is average (0.50).

The Barents Sea moorings are located at the edge of the well-defined Warren area. Hence, we only have 95 data points for

(modified) Warren and 416 for the others. Where valid, mW99-IC yields the lowest bias (-0.02 m). The KuLa climatology

has the lowest bias out of the products covering all mooring locations (0.07 m). In contrast, the SMLG-M2 Climatology gives

the lowest RMSE of 0.33 m. Again, SMLG-M2 achieves the highest correlation of 0.60. Similar to the Laptev Sea moorings,445

different snow depth products perform best for different metrics. W99 clearly overestimates snow depth in these areas, but the

modified Warren products yield decent biases where valid. On the other hand, the SMLG products yield lower RMSEs and

higher correlations. The KuLa Clim also yields a low bias and RMSE, but also low correlation.

Overall, the mooring comparisons highlight various strength and weaknesses of the individual products. When the whole

annual cycle is considered over multiple years, we find higher correlations from products that capture inter-annual anomalies,450

i.e. SMLG-M2 consistently outperforms the corresponding climatology in terms of correlation, but not in terms of bias and

RMSE. Comparing the different forcing data (SMLG-M2 and SMLG-E5), we find that SMLG-M2 gives better results across

all mooring datasets. For the buoy and airborne data, SMLG-M2 was also significantly better amongst the MOSAIC dataset

and more or less the same for all others. Together with the observation that SMLG-E5 melts the snow much earlier than all

other datasets, we therefore discourage using this version during the summer period. We also find that W99 overestimates snow455
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Figure 8. Temporal evolution of sea ice draft as measured by the BGEP moorings (grey for daily measurements and black for the rolling

average) compared to sea ice draft estimated from CryoSat-2 freeboard assuming no snow (black dashed line) or using different snow depth

estimates (coloured lines). The summer periods (May-September) are highlighted by red background shading.

in all mooring areas, which are dominated by FYI. The modified Warren products perform much better than W99. The KuLa

climatology is a decent choice across most mooring metrics (except the correlation with the Barents Sea moorings).

5.5 Applicability of KuLa year-round

Overall, the intercomparison of the various year-round snow depth products and their validation against in situ data, suggests

that KuLa dual-frequency altimetry is applicable year-round. The KuLa climatology often yields estimates that lie between the460

Warren based and SMLG based products. The biggest difference is the higher snow depth north of Greenland and the Canadian

Arctic Archipelago and the higher remaining snow in August (Figures 2 and 3). This indicates that either the CryoSat-2

freeboards are biased low in summer or that the ICESat-2 ATL20 freeboards are biased high in summer - or both. This result

is not unexpected. The raw radar freeboards from CryoSat-2 are known to be biased thin in mid-summer (Landy et al., 2022),

although we attempt to mitigate this with the applied bias correction. New methods for processing the ICESat-2 data also465

lead to 1-5 cm thinner pan-Arctic freeboards than ATL20 (Liu et al., 2026). The maps (Figure 2) reveal that KuLa mainly

yields thicker snow compared to the observation-based climatology from Warren close to the North coast of Greenland and
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the Canadian Arctic Archipelago. For this region, particularly large differences between CryoSat-2 and ICESat-2 freeboard

and SIT have been found year-round (Petty et al., 2025a; Carret et al., 2025; Zhou et al., 2021). This area is known to be

especially ridged (Duncan and Farrell, 2022), so the fundamentally different footprint sizes of the two sensors will give very470

different height distributions and it is likely that the mean of ICESat-2 observations exceeds the mean from the lower resolution

CryoSat-2 observations by some margin. If this is the reason, it would affect KuLa snow depth year-round and imply that KuLa

snow depth estimates are also biased high in winter. A future experiment over snow free (i.e. fully melted) areas could be used

to reveal biases between the two sensors, but would require ground truth data to identify such areas.

6 Conclusions475

This study presented the first year-round assessment of different snow depth products derived from the Warren climatology,

SnowModel-LG (SMLG), their combination (mW99+SMLG) and a first test of dual-altimetry snow (KuLa) year-round. Our

comparisons show that using any of these snow depth products is better than assuming no snow. Even for mid/end July, the

comparison to OIB data and direct observations used for the W99 climatology suggest that some snow is remaining at this

time.480

None of the snow depth products clearly outperformed the others amongst all comparisons. However, we discourage extrap-

olating the (modified) Warren climatology to areas outside of the Central Arctic, where it was defined, as unrealistic or even

negative values occur e.g. in the Kara Sea, Barents Sea, Fram Strait and Baffin Bay. Our analysis also confirms that the original

Warren climatology overestimates snow depth in the current Arctic. Nonetheless, the modified versions still perform well. The

clearest difference between using the ice age product and ice charts to reduce snow depth over FYI areas was observed against485

the MOSAIC data. Here, and compared to the buoys, the ice age data gave better results. For SMLG, we found clear differences

between the two versions. The MERRA-2 forced version yields a more realistic timing of snow ablation and performed better

against validation data than the ERA-5 forced version, which melts the snow much faster than any other product. SMLG-M2

yields higher correlations than the corresponding climatology, when the temporal component is analysed, but actually performs

worse for spatial patterns, implying that some of the local variability in snow depth is exaggerated. Finally, the KuLa dual-490

altimetry snow depth climatology was found to yield realistic results also in summer, mostly agreeing with the other products

and validation data. However, compared to the other products, it kept higher snow depth in August, which indicates remaining

negative biases in the CryoSat-2 and/or positive biases in the ICESat-2 data. Nevertheless, the initial assessment of a year-round

application of KuLa is promising and these estimates are expected to improve as the work on CryoSat-2 and ICESat-2 summer

classification and freeboard computation evolves.495

For future work, we recommend further optimisation of ICESat-2, CryoSat-2 and future CRISTAL freeboard retrieval for the

summer months, which would benefit the resulting KuLa estimates. At the moment the freeboard data is more noisy and sparse

in summer, so only the climatology gives gap free, smooth maps. If more data becomes available from improved classification

and summer processing techniques, KuLa could also be tested for individual years. And finally, if the latency of the ICESat-2

data could be reduced, KuLa could also become an option for operational processing. To date, NASA offers a quicklook version500
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of ATL10 along-track freeboards with a latency of 3 days, while the latency of the higher quality ATL10 and gridded ATL20

data is around 2 and 6 months respectively. The lack of operational production also limits the use of SMLG data for many

applications. Here, using climatologies (together with MYI concentration data from ice charts if W99 is used) is currently the

only option.

Furthermore, data assimilation and many other tasks require uncertainty information, but most snow depth estimates do not505

come with uncertainty estimates. Indeed, the only uncertainty estimates available from the year-round snow depth products

are derived from snow depth variability within the climatology time periods. Therefore, we also recommend deriving reliable

uncertainty estimates. The validation and intercomparison exercises from this study give a first indication for what is realistic:

The products disagree most in June and agree best in August. As a whole, the summer months yield the same variability

amongst the different estimates than for the winter months (4 cm each) and there is no obvious difference in the agreement510

against buoy observations between summer and winter as a whole. However, the period around melt onset (June) appears to

be the most uncertain. To really quantify the uncertainties, more in-situ timeseries of the snow depth distribution are needed

and to date these are limited to individual point measurements. The deployment of many buoys around the same area - as done

during MOSAIC - can compensate some of the representation issue and should be repeated in future years and different areas.

Also, continuous deployments on young ice may be necessary so that available buoy data does not only cover the oldest sea515

ice classes at the transition from winter to summer. This will also be essential to investigate CRISTAL measurements of snow

depth year-round. When SIT is compared, many other uncertainties mask the impact of snow depth, so it is hard to determine

the actual snow depth uncertainty or to identify the most accurate snow depth estimate. On the other hand, testing the impact

on SIT revealed clear differences between the products and we found that the combination of CryoSat-2 freeboard and either a

modified Warren climatology or the KuLa climatology yielded better results over rougher MYI, while we found mixed results520

over FYI.

Data availability. All input data used to perform this assessment is freely available (see Data section for the respective dois).

Appendix A: Evolution of snow depth since buoy deployment
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Figure A1. Evolution of snow depth since buoy deployment (first point set to zero) as measured in situ (black) and estimated by the various

snow depth products (colour). The summer season (May-September) is highlighted by red shading. Please note that all plots share the same

y-axis of relative snow depth evolution [m], but the time periods over which each buoy recorded data (x-axes) vary significantly.
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