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Abstract. A key uncertainty in reanalysis-based snow-on-sea-ice reconstructions is the choice of reanalysis product used for

snowfall input. Although reanalysis products have many similarities in their precipitation output over the Arctic Ocean, they

nevertheless have relative biases that impact derived snow-on-sea-ice estimates. In this study, snowfall from the ERA5, JRA-55

and MERRA-2 reanalysis products is used as input to the NASA Eulerian Snow On Sea Ice Model (NESOSIM). A Markov

chain Monte Carlo (MCMC) approach is used to calibrate the wind packing and blowing snow parameters in NESOSIM run5

with these different snowfall inputs. A multi-input-averaged snow-on-sea-ice product is then constructed from NESOSIM run

with the three reanalysis products. JRA-55 shows the largest departure from the previously-used values (Bayesian priors) when

the MCMC calibration is run, and also has the largest posterior uncertainty due to parameter uncertainties. The MCMC calibra-

tion reconciles snow depths between NESOSIM run with different reanalysis snowfall inputs, but produces larger discrepancies

in snow densities, due to the sensitivity of snow density in NESOSIM to parameter values and weak observational constraints10

on density. Regional climatologies and trends in the calibrated products are examined and compared to another reanalysis-

based snow-on-sea-ice reconstruction, SnowModel-LG. NESOSIM and SnowModel-LG show close agreement in snow depth

climatologies in the Central Arctic Ocean region, but differ more in peripheral seas.
:::
The

:::::::
models

:::::::
perform

::::::::::
comparably

:::::
when

::::::::
evaluated

::::::
against

::::::
IceBird

:::::::
airborne

:::::
snow

:::::
depth

:::::::::::
observations

:::
and

::
in

:::
situ

:::::
depth

::::
and

::::::
density

:::::::::::
observations

::::
from

:::::::::
MOSAiC. Trends

are found to be region-dependent, and the magnitude of Central Arctic Ocean snow depth trends is
::
are

:
more sensitive to the15

choice of reanalysis input than to the choice of model.

1 Introduction

Snow on Arctic sea ice plays a key role in controlling Arctic climate and ecosystem function, and is a crucial input to altimetry-

derived sea-ice thickness retrieval, but is challenging to characterize consistently across the Arctic Ocean at basin scales

(Webster et al., 2018). Satellite remote sensing data using, for example, depth retrievals from passive microwave data (Brucker20

and Markus, 2013; Rostosky et al., 2018) and altimetry-based snow depth retrievals (Lawrence et al., 2018; Kwok et al.,

2020), provide basin-wide estimates of snow depth on Arctic sea ice, but are subject to significant retrieval limitations and

uncertainties. Airborne (MacGregor et al., 2021)
::::::::::::::::::::::::::::::::::::
(MacGregor et al., 2021; Jutila et al., 2022) and in situ (Wagner et al., 2022;

Radionov et al., 1997) observation campaigns and automated snow buoys (Perovich et al., 2019; Nicolaus et al., 2017) provide
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more
:::::::
generally

::::
more

::::::::
accurate,

:::
but

::::
also

::::
more

:
localized observations. A complementary approach to estimate snow on Arctic sea25

ice on basin scales is through reanalysis-based snow reconstructions, in which reanalysis snowfall forces a model that simulates

snow processes while accounting for sea-ice concentration and drift. A few examples of such
::::
These

:
reconstructions include

SnowModel-LG (Liston et al., 2020), the University of Washington snow-on-sea-ice reconstruction (Blanchard-Wrigglesworth

et al., 2018), and the NASA Eulerian Snow on Sea Ice Model (NESOSIM, Petty et al., 2018), which is the focus of our study.

:::::::::
NESOSIM

:::
has

::::
been

:::::::::
previously

:::::
used

::::
with

:::::::
altimetry

:::::::::::::
measurements

::::
from

:::
the

::::::
NASA

:::
Ice,

::::::
Cloud,

::::
and

::::
land

::::::::
Elevation

:::::::
Satellite

::
230

:::::::::
(ICESat-2)

::
to

:::::::
produce

::::::::
estimates

::
of

:::::
Arctic

:::
sea

:::
ice

::::::::
thickness

::::
over

:::
the

::::::
winter

::::::
season

:::::::::::::::::::::
(Petty et al., 2020, 2023b).

:

Not surprisingly, reanalysis snow-on-sea-ice reconstructions are strongly sensitive to snowfall input, which depends on

several factors such as atmospheric process representation in reanalysis products (e.g. microphysical processes and partition-

ing between solid, liquid, and mixed phase precipitation), data assimilation inconsistencies, and product resolution. Reanaly-

sis precipitation assessment for the Arctic (Behrangi et al., 2016; Boisvert et al., 2018; Barrett et al., 2020; Cabaj et al., 2020)35

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Behrangi et al., 2016; Boisvert et al., 2018; Barrett et al., 2020; Edel et al., 2020; Cabaj et al., 2020) is challenged by uncertainty

in polar precipitation observations, especially over the Arctic Ocean. Reanalysis precipitation intercomparison work by Barrett

et al. (2020) recommends that ERA5 be used to provide precipitation for sea ice thickness estimates over other contemporary

reanalysis products, but acknowledges that other reanalysis products investigated in that study are of similar value for that

application, given the difficulty of observational validation and bias-adjustment. Biases between reanalysis products can be re-40

duced through calibration to satellite snowfall observations, but differences between products nevertheless persist, and satellite

snowfall measurements themselves may be biased (Cabaj et al., 2020)
:::::::::::::::::::::::::::::
(Cabaj et al., 2020; Edel et al., 2020). This motivates the

need for further calibration of snow-on-sea-ice reconstructions.

The purpose of this study is to improve consistency and characterize uncertainty amongst several reanalysis snowfall inputs

for NESOSIM’s snow-on-sea-ice reconstruction, using bias-adjusted snowfall input and automated calibration of NESOSIM’s45

snow-model parameters. We will also assess climatic variability and change for
:::
also

::::
seek

::
to

:::::
assess

:::
the

:::::::::
variability

:::
and

::::::
trends

::
in

basin-wide and regional snow on Arctic sea-ice produced by NESOSIM using these newly recalibrated snow depth estimates.

Our starting point is the latest version of NESOSIM, version 1.1 (v1.1; Petty et al., 2023b). In Cabaj et al. (2023), NESOSIM

v1.1 free parameters for the wind packing (densification) and blowing snow (loss) processes were calibrated to snow-on-sea-

ice depth and density observations using a Markov chain Monte Carlo (MCMC) approach, and uncertainty estimates for these50

free parameters were obtained. NESOSIM was run with
::::::
Several

::::::::::::
considerations

:::::::::
motivated

:::
the

:::::::::::
development

::
of

:::
an

:::::::::
automated

::::::::
parameter

:::::::::
calibration

::::::::
approach

:::
for

::::::::::
NESOSIM.

::
In

::::::
recent

::::::::
upgrades

::
to

:::::::::
NESOSIM

::::
that

:::::::
included

:::
the

::::::
switch

::
to

:::
the

:::::
latest

:
ERA5

snowfall inputfor the study. The uncertainty in ,
:::
the

::::
free

::::::::::
parameters

::::
were

::::::::
manually

:::::
tuned

::
to
::::::::

increase
:::::::::
agreement

::::
with

:::::
snow

:::::
depths

::::::::
obtained

::::
from

:::::::::
Operation

::::::::
IceBridge

:::::::::::::::::
(Petty et al., 2023b).

::::
This

:::::::
process

::::::
alluded

:::
to

:::
the

:::::::
potential

:::
for

:::::::::
parameter

::::::
tuning

::
to

::::::
account

:::
for

::::::
forcing

::::::
biases

:::::::
between

::::::::
products,

::
as

::::
well

:::
as

:::
the

:::::::
potential

:::::::
benefits

::
of

::
a

::::
more

:::::::::
automated

::::::
system

::::
that

:::::
could

:::::
bring

::
in55

:::::::
different

:::::
types

::
of

:::::::::::
observations

::
to

:::::::
evaluate

::::
both

:::
the

:
snow depth and density was small, and not representative of the overall

uncertainty in snow depth on sea ice . Furthermore, the uncertainty due to the choice of reanalysis snowfall input was not

accounted for in this estimate.
::::::::::
concurrently.

::::::::::
Optimizing

::::::::::
NESOSIM

::::::
output

::
is

:::::::::
motivated

::
by

:::
its

:::::::::
continued

:::
use

:::
as

:::
the

:::::
main

2



::::
snow

:::::::
loading

::::
input

::
to

:::::::
satellite

:::::::
derived

:::
sea

::
ice

::::::::
thickness

::::::::
estimates

:::::
from

::::::::
ICESat-2

::::::::::::::::::
(Petty et al., 2023a, b)

:::
and

:::
the

:::::
need

::
to

:::::
better

::::::::::
characterize

:::
the

::::
snow

:::::::
loading

:::::::::
uncertainty

:::::::::::
contribution

::
to

:::
the

::::::
overall

:::::::
thickness

::::::::::
uncertainty.

:
60

To better reconcile differences between NESOSIM run with different snowfall inputs, and to incorporate estimates of

uncertainties due to the choice of model snowfall input,
::
in

:::
this

:::::::
current

:::::
study,

:
we run the MCMC optimization for NE-

SOSIM with additional reanalysis snowfall inputs, introducing MERRA-2 and JRA-55 to this study in addition to ERA5.

This also necessitates a revisiting of the CloudSat calibration for reanalysis snowfall �rst performed in Cabaj et al. (2020),

since a longer time record and an additional reanalysis product are used in this study. We estimate resulting snow depth65

uncertainties
:::
due

::
to

:::::::::
parameter

::::::::::
uncertainty,

::::::
which

:::::
helps

:::::::
account

:::
for

:::::::::::
uncertainties

:::
due

:::
to

:::::
snow

:::::
input,

:
and examine the im-

pact of this parameter optimization on the agreement between snow depth and density derived using these products. Then,

we construct a consensus snow depth estimate that accounts for variability in reanalysis snowfall from the average of cal-

ibrated NESOSIM output for different reanalysis snow inputs, motivated by work combining land snow products (Mudryk

et al., 2015)
::::
which

::::::::::::
demonstrates

::::
how

:::::::::::
multi-dataset

:::::::::
approaches

::::
can

::::
help

::
to

::::::
reveal

:::::
biases

:::::::
between

:::::::
datasets

::::
and

::::::::
facilitate

:::
the70

:::::::::::::
characterization

::
of

::::::
dataset

:::::::::::
uncertainties. We evaluate the consistency of the outputs across different snowfall forcing inputs,

examining the climatologies, the interannual variability, and trends,and
:::
over

::::
the

:::::::::
1980-2021

::::
time

:::::::
period.

:::
We

:
compare the

NESOSIM output to SnowModel-LG
::::::::::::::::
(Liston et al., 2020), another reanalysis-based snow-on-sea-ice model.

:::::::::::::
SnowModel-LG

:::::::
likewise

:::::::
includes

:::::::::::::::
observation-based

:::::::::
calibration,

::::::
namely

:::
an

:::::::::::::::
assimilation-based

:::
bias

:::::::::
correction

::
to

::::::::::
precipitation

::
to

:::::
bring

::::::::
modelled

::::
snow

:::::
depth

::::
into

:::::::::
agreement

::::
with

:::::::::::
ground-based

:::
and

::::::
remote

:::::::
sensing

:::::::::::
observations,

::::::::
including

::::::::
Operation

:::::::::
IceBridge

::::::::::::
measurements75

::::::::::::::::::::::::::::::::
(Liston et al., 2020; Stroeve et al., 2020)

:
.

:::
We

::::::
further

:::::::
compare

:::
the

:::::::::
NESOSIM

:::
and

::::::::::::::
SnowModel-LG

:::::
model

::::::
outputs

::
to

::::::::::
independent

:::::::::::
observational

:::::::
datasets,

:::::::
namely

:::
in

:::
situ

:::::
snow

::::::
depth

:::
and

:::::::
density

:::::::::::
observations

:::::
from

:::
the

::::::::::
2019-2020

::::::::
MOSAiC

::::::::::::
observational

::::::::
campaign

::::::::::::::::::::::::::::::::::
(Itkin et al., 2023; Macfarlane et al., 2023)

:
,
:::
and

::::::::
airborne

::::
snow

::::::
depth

::::::::::
observations

:::::
from

:::::
April

::::
2017

::::
and

::::
2019

:::::
from

::
the

:::::
AWI

::::::
IceBird

:::::::::
campaign

:::::::::::::::
(Jutila et al., 2022)

:
.

2 Data products and models80

2.1 Reanalysis products

Snowfall rates from the ERA5, MERRA-2, and JRA-55 reanalysis products are used as input to NESOSIM in this study. ERA-

Interim is examined for reference, but not used as input to NESOSIM, since it has been superseded by ERA5. A summary of

the reanalysis products used in this study is shown in Table 1, and each product is discussed in more detail in the subsections

below.85

To format the reanalysis snowfall for use as input to NESOSIM, the snowfall rate from each reanalysis product is aggregated

by day to produce daily snowfall, and then regridded to the 100 km� 100 km equal-area NESOSIM model grid. NESOSIM

also uses 10-m wind input from reanalysis products, but for this study, ERA5 winds were used for all model runs.
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Reanalysis Spatial Resolution Time Resolution Assimilation scheme Reference

ERA-Interim 0.75°� 0.75° 6-hourly 4DVar Dee et al. (2011)

ERA5 0.25°� 0.25° Hourly 4DVar Hersbach et al. (2020)

MERRA-2 0.5°� 0.625° Hourly 3DVar Gelaro et al. (2017)

JRA-55 1.25°� 1.25° 3-hourly 4DVar Kobayashi et al. (2015)
Table 1. Reanalysis products examined in this study. Spatial resolution refers to the regular lat-lon grid used for the products in this study.

To provide input to NESOSIM, all reanalysis products are regridded to the equal-area 100 km� 100 km polar grid used by the model.

2.1.1 ERA-Interim

The European Centre for Medium-Range Weather Forecasts (ECMWF) Re-Analysis Project ERA-Interim (Dee et al., 2011)90

reanalysis product is widely used in studies of Arctic snow, and is often used for precipitation input in snow models (Kwok and

Cunningham, 2008; Petty et al., 2018; Blanchard-Wrigglesworth et al., 2018). It has been found to have high correlations and

low biases with respect to observations of Arctic land precipitation (Lindsay et al., 2014). Sea ice concentration is represented

as a fractional quantity for grid cells with concentration greater than 20%, while grid cells with less than 20% concentration

are designated as open ocean. ERA-Interim is produced using a 4DVar assimilation scheme, and it features a T255 (� 79 km)95

resolution spectral dynamical core. The ERA-Interim snowfall product is provided on a N128 Gaussian grid, re-gridded to a

0.75°� 0.75° latitude/longitude grid in this study. Production of ERA-Interim has stopped as of August 2019.

2.1.2 ERA5

The ECMWF Reanalysis v5 (Hersbach et al., 2020), the successor to ERA-Interim, features many improvements, such as a

�ner model resolution, an updated assimilation scheme, and an improved cloud scheme, including improvements to the repre-100

sentation of mixed-phase clouds and ice-phase cloud microphysics (Hersbach et al., 2020). It has been found to produce more

snow than ERA-Interim, especially in the Atlantic sector (Wang et al., 2019). Like ERA-Interim, ERA5 uses a 4DVar assim-

ilation scheme. The representation of sea ice concentration is also the same as in ERA-Interim, with fractional concentration

above a 20% open ocean threshold. In this study, the ERA5 snowfall rate product is interpolated from its native N320 Gaussian

grid to a 0.25°� 0.25° grid. Currently, ERA5 is used as the default snowfall and 10-m wind input for NESOSIM v1.1 (Petty105

et al., 2023b; Cabaj et al., 2023).

2.1.3 MERRA-2

NASA's Modern-Era Retrospective analysis for Research and Applications, Version 2 (Gelaro et al., 2017) is produced on

a cubed-sphere grid, with a �nite-element dynamics scheme, and is used in this study with its native horizontal resolution

of 0.5°� 0.625° (� 55 km). Unlike the other reanalysis products investigated in this study, which use a 4DVar assimilation110

scheme, MERRA-2 uses a 3DVar assimilation scheme, with an Incremental Analysis Update procedure which applies the

analysis increment as a constant term over the assimilation window instead of only correcting the initial condition, as is
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done conventionally for 3DVar (Gelaro et al., 2017). Sea ice is distinguished from open ocean based on a 50% concentration

threshold. MERRA-2 is known to produce more total precipitation over the Arctic compared to other reanalysis products

(Barrett et al., 2020; Boisvert et al., 2018).115

2.1.4 JRA-55

The Japanese Meteorological Agency's Japanese 55-year Reanalysis (Kobayashi et al., 2015) is another widely-used product

for Arctic snowfall estimates, and it is interpolated onto a 1.25°� 1.25° grid from its native TL319 (� 55km) spectral resolution.

The product uses a 4DVar assimilation scheme. Sea ice is represented in JRA-55 with a binary classi�cation based on a 55%

concentration threshold. JRA-55 has been previously used as a source of snowfall input for snow-on-sea-ice reconstructions,120

and was investigated as an input for NESOSIM version 1.0 (v1.0; Petty et al., 2018). In comparisons of total precipitation over

the Arctic Ocean,JRA55
::::::
JRA-55

:
has been found to produce less precipitation overall than other reanalysis products (Barrett

et al., 2020).

2.2 CloudSat

CloudSat was a satellite equipped with a 94-GHz Cloud Pro�ling Radar (CPR) instrument which measured vertical pro�les125

of cloud and hydrometeor re�ectivity, from which
::::::::::
near-surface

:
snowfall rate was retrieved (Kulie and Bennartz, 2009). The

satellite had an observational footprint of 1.4� 1.7 km (along and across track), and a 16-day repeat cycle. The instrument was

operational from 2006-2023, with an interruption in 2011 due to a battery malfunction, and a change to a lower orbit in 2018.

In this study, surface snowfall rates from the 2C-SNOW-PROFILE product, version P1 R05 (Wood et al., 2013, 2014) are used

to bias-correct snowfall rates from reanalysis products by scaling the reanalysis monthly climatologies to the monthly climatol-130

ogy of regionally-aggregated CloudSat snowfall, following the approach in Cabaj et al. (2020). CloudSat measurements from

2006-2016 are used in this study.
:::::::::
CloudSat's

::::::
ground

:::::
track

:::
had

:::::::::
latitudinal

:::::::
coverage

:::::::
between

:::::
82°N

:::
and

:::::
82°S.

:::
Its

:::::::
sampling

::
is

::::
also

::::::
limited

::::::::
following

:::
the

:::::
2011

::::::
battery

::::::::::
malfunction

::
to

:::::::::::
observations

:::::
taken

::::
when

:::
the

::::::::::
instrument

:::
has

::::::::::
line-of-sight

::
to

:::
the

::::
sun,

::::::
which

:::
may

::::::::
introduce

::::
low

:::::
biases

::::::
during

:::
the

::::
later

:::::::::::
observational

:::::
period

:::::::::::::::::::::
(Milani and Wood, 2021).

::::::::::::
Nevertheless,

:::::::
CloudSat

:::
has

:::::
been

::::
used

:::::::::
extensively

::
in

::::::
studies

::
of

:::::::::::
high-latitude

::::::::::
precipitation

:::
and

:::::::
snowfall

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Behrangi et al., 2016; Edel et al., 2020; Kulie et al., 2016; Milani et al., 2018)135

:
.

::
To

:::::::
mitigate

::::::
ground

:::::
clutter

::::::::::::
contamination

::
of

:::::::
surface

:::::
returns

::
in

::::
this

:::::
study,

::::::::::
near-surface

:::::::
snowfall

::::
rate

:::::::::::
measurements

:::
are

::::::::
retrieved

::::
from

:::
the

:::
3rd

:::::::
vertical

:::
bin

:::::
above

:::::
ocean

:::::::
surfaces

:::::::::::::
(approximately

::::
720

::
m

:::::
above

:::
the

:::::::
surface),

:::
or

:::
the

:::
5th

::::::
vertical

:::
bin

::::::
above

:::
sea

:::
ice

::
(as

::::::::::
determined

::
by

::
a

::::::::::::
climatological

:::
sea

:::
ice

:::::
mask,

::::::::::::
approximately

:::::
1200

::
m

:::::
above

:::
the

:::::::
surface)

:::::::::::::::::::::::
(Wood and L'Ecuyer, 2018).

:::::
Data

::::::
quality

::::
�ags

:::
are

::::::
applied

::
to

:::::::
exclude

:::::::::
potentially

:::::::::::
contaminated

:::::::::::
observations

::
as

::::::::
described

::
in

::::::::::::::::
Cabaj et al. (2020).

:

2.3
::::::::
MOSAiC140

:::
The

:::::::::::::::
Multidisciplinary

:::::::
Drifting

::::::::::
Observatory

:::
for

:::
the

::::::
Study

::
of

::::::
Arctic

:::::::
Climate

:::::::::
(MOSAiC)

:::::::::
expedition

::::
took

:::::
place

:::
in

:::::::::
September

:::::::::::
2019-October

:::::
2020,

:::::::::
providing

:::::::::::
high-quality

:::::
in-situ

:::::::::::
observations

:::
of

:::::
snow

:::
and

::::
sea

:::
ice

:::
for

:::
the

::::::::
duration

::
of

:::
an

:::::
entire

::::
sea

:::
ice

:::::
season

:::
at

:
a

::::::
central

::::::
Arctic

:::::::
location

:::::::::::::::::::
(Nicolaus et al., 2022).

:::
In

::::
this

:::::
study,

:::
we

::::
use

::::
snow

::::::
depth

::::::::::::
measurements

::::::::
recorded

:::::
using

5



::::::::
automated

:::::
snow

:::::
depth

::::::
probes

:::::::::::::
(MagnaProbes)

:::::::::::::::
(Itkin et al., 2021)

:::
and

::::
bulk

:::::
snow

:::::::
densities

:::::::::
calculated

::::
from

:::::
snow

::::::
density

::::::
cutters

:::::::::::::::::::::::::
(Macfarlane et al., 2021, 2022)

::
as

::::::::::
independent

:::::::::::
observational

:::::::
datasets

:::
for

:::::::::
comparison

::::
with

::::::
model

:::::
output

::::::::::::::::::::
(Macfarlane et al., 2023)145

:
.

:::::
Snow

:::::
depth

::::::::::::
measurements

::::
were

::::::::
collected

:::::
over

::::::
regions

::::::::::::
representative

::
of

::::::::
�rst-year

::::
and

::::::::::
second-year

::::
ice,

::::
over

::::
level

:::
ice

::::
and

:::::
ridges.

:::::
Snow

:::::::
density

:::::
cutter

::::::::::::
measurements

:::::::
likewise

::::
were

:::::
taken

:::
for

::
a

::::::
variety

::
of

:::::
snow

:::::::::
conditions.

:::
To

:::::
partly

::::::::::
compensate

:::
for

:::
the

:::::
highly

::::::::
localized

::::
and

::::::::::::
heterogeneous

:::::
nature

:::
of

:::
the

:::::::::::
observations,

:::
we

::::::::
collocate

:::
the

::::::::
observed

:::::
values

:::::
with

:::
the

::::::
nearest

:::::::::
respective

:::::
model

::::
grid

:::
cell,

::::
and

::::::
average

:::
the

:::::
values

:::
by

:::
day

::::::
within

::::
each

:::
grid

::::
cell.

:::::
Then,

:::
we

:::::::
calculate

:::::::
monthly

::::::
means

::
of

::::
these

::::::::::::::
daily-aggregated

:::::
values

:::
for

::::::::::
comparison

::::
with

::::::::
modelled

::::::
values.

:::::
Prior

::
to

:::::::::::
aggregation,

::::
bulk

:::::
snow

:::::::
densities

:::
are

::::
�rst

:::::::::
calculated

::
by

::::::::::
calculating

:::
the150

:::::::::::::
height-weighted

:::::::
average

::
of

::::
snow

:::::::
density

:::::::
samples

::::::::
measured

::
in

::::
each

:::::
snow

::::::
density

::::::
pro�le.

:

2.4
::::::
IceBird

:::
The

::::::
Alfred

::::::::
Wegener

:::::::
Institute

::::::
(AWI)

:::::::
IceBird

:::::::::::
observational

:::::::::
campaign

::
is

:::
an

:::::::
airborne

:::::::::::
observational

:::::::::
campaign

:::
for

:::::::::
collecting

:::::::::::
measurements

:::
of

:::
sea

:::
ice

:::::::::
thickness,

:::
and

:::
sea

:::
ice

::::
and

:::::
snow

:::::::::
properties.

:::
We

:::::
make

:::
use

:::
of

::::
snow

::::::
depth

::::::::::
observations

::::::::
collected

:::
by

:::::::
airborne

::::
snow

:::::
radar

:::::
from

:::::
April

::::
2017

::::
and

:::::
April

::::
2019

::::::::::::::::::::::::::::::::::
(Jutila et al., 2022; Jutila et al., 2024a, b)

::
as

::::::::::
independent

::::::::::::
observational155

::::::
datasets

:::
for

::::::::::
comparison

::::
with

::::::
model

::::::
output.

::::::
Survey

::::::
tracks

::::
cover

:::::::
regions

::::
over

:::
the

:::::::
western

:::::
Arctic

::::::
Ocean,

:::::::
around

:::
the

::::::::
Canadian

:::::
Arctic

:::::::::::
Archipelago

:::
and

::::::::
Beaufort

:::
Sea

::::::::
regions,

:::
and

::::
they

::::::::::
encompass

::::
both

::::::::
�rst-year

:::
and

:::::::::
multi-year

::::
ice.

:::
For

::::::::::
comparison

:::::
with

:::::
model

::::::
output,

:::
we

::::::::
calculate

:::
the

:::::::
average

::
of

::::::::
observed

::::::
values

:::::
from

:::
the

:::::::
transects

::::::
within

::::
each

:::::::::
coincident

::::::
model

::::
grid

::::
cell.

:::::
Each

::::::
transect

:::::
spans

:::::::
multiple

::::::
model

:::
grid

:::::
cells,

::::::
though

:::::
some

::::::::::::
measurements

:::::::
coincide

::::
with

::::
grid

::::
cells

:::::::::
considered

::
as

::::
land

:::
by

::
the

:::::::
models

:::
due

::
to

:::::
model

:::::::::
resolution

::::::::::
limitations.160

2.5 NESOSIM and MCMC calibration

The NASA Eulerian Snow on Sea Ice Model (NESOSIM) produces estimates of snow depth and bulk snow density overArctic

:::::
winter

::::::
Arctic

:::::::::
(September

:::
to

:::::
April)

:
sea ice on a 100� 100 km polar grid (Petty et al., 2018). The model is a 2-layer Eulerian

snow-on-sea-ice model, and includes parameterized representations of snow accumulation, densi�cation through wind packing,

loss from blowing snow to the atmosphere and open ocean, and redistribution of snow due to sea ice motion. NESOSIM was165

initially developed to provide estimates of snow depth to enable the rapid production of
:::::
Arctic sea ice thickness estimates from

ICESat-2
:::::::::::::::::::::
(Petty et al., 2020, 2023b).

Several observational and reanalysis inputs are used in NESOSIM. Snowfall input for NESOSIM is provided from reanalysis

products, with ERA5 being used as the default product as of v1.1, and ERA-Interim previously used as the default in v1.0. In

this study, multiple reanalysis products are investigated as a source of snowfall input. Reanalysis products are also used for170

wind input to NESOSIM; this .
::::
This

:
study uses ERA5 10 m wind as input to the model

:
,

::::::::
motivated

:::
by

:::::::
�ndings

:::
that

:::
the

::::::
ERA5

::::
wind

:::::::
product

::::::::
performs

::::::::
relatively

::::
well

::::
with

:::::::
respect

::
to

::::::::::
observations

:::::::::
compared

::
to

:::::
other

:::::::::
reanalysis

:::::::
products

:::
in

:::::
Arctic

:::::::
regions

::::::::::::::::::::
(Graham et al., 2019a, b). Sea ice concentration is provided by the NOAA/NSIDC Climate Data Record (CDR) product (Peng

et al., 2013). Sea ice drift for the MCMC calibration is obtained from the low resolution sea ice drift product of the EUMETSAT

Ocean and Sea Ice Satellite Application Facility (OSI SAF; Lavergne et al., 2010). Since the OSI SAF drift product is not175

available for years prior to 2009, sea ice drift from the NSIDCv4 Polar Path�nder product (Tschudi et al., 2019) was used to
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generate the full1980-2019
:::::::::
1980-2021

:
datasets. Aside from reanalysis products, these inputs are the same as those used in

previous work using NESOSIM v1.1 (Petty et al., 2020, 2023b; Cabaj et al., 2023).

Representations of snow processes in NESOSIM are highly simpli�ed. Since NESOSIM is a 2-layer model, bulk snow

density in the model is represented as a weighted sum of the prescribed densities for old snow (350 kg/m3) and new snow180

(200 kg/m3), respectively. The old snow density represents both wind slab and depth hoar (Petty et al., 2018). These prescribed

values impose maximum and minimum values on the bulk density represented by the model.
:::::
Snow

::::
may

:::
be

:::::::::::
redistributed

:::::::
between

:::::
model

::::
grid

::::
cells

::::::
through

:::
the

::::::
action

::
of

:::
sea

::
ice

:::::
drift,

:::::::
although

:::
the

::::::::::::
representation

::
of

::::
drift

::::::::
represents

::
a

:::::::::
large-scale

:::::::
average,

::::
given

:::
the

::::::
model

:::::::::
resolution.

:::::
Melt

::::::::
processes

:::
are

::::::::
currently

:::
not

:::::::
included

:::
in

::::::::::
NESOSIM,

::
so

:::
the

::::::
model

::
is

:::
run

::::
from

::::::::::
September

::
to

::::
April

::
in

:::::
each

::::::
season,

::::
and

::::::::::
reinitialized

::
on

:::::::::
September

:::
1st

:::::
based

:::
on

::::::::::::
climatological

:::::
mean

:::::
snow

::::::
depths

:::::
scaled

:::
by

:::
the

::::::
number

:::
of185

::::
melt

::::
days

::
in

:::
the

:::::::
previous

::::::
season

:::::::::::::::
(Petty et al., 2018)

:
.

The wind packing and blowing snow parameters in NESOSIM are free parameters, and previous work introduced an auto-

mated calibration of these parameters using an MCMC process (Cabaj et al., 2023).
::
At

::::
each

::::::
model

::::
step

:::
and

::::
grid

:::::
point,

::
if

:::
the

::::
input

:::::
wind

:::::
speed

::::::
exceeds

::
a

::::::::
prescribed

::::::::
threshold

:::::
speed

::
of

::
5

::::
m/s,

:::
the

::::
wind

:::::::
packing

:::
and

:::::::
blowing

:::::
snow

::::::::
processes

:::
act

::
on

:::
the

:::::
snow

::
in

:::::::::
NESOSIM.

:
Wind packing controls the amount of snow transferred between layers,impacting

:::::::::
decreasing the snow depth190

anddensity
::::::::
increasing

:::
the

::::
bulk

:::::
snow

::::::
density

::
as

:::::
snow

:
is

::::::::::
transferred

::::
from

:::
the

:::::
upper

::::
(less

::::::
dense)

::::
layer

::
to

:::
the

:::::
lower

:::::::
(denser)

::::
layer.

The blowing snow process acts only on the upper snow layer, and decreases the snow depth in the upper layer linearly with

wind speed. The blowing snow term includes an atmosphere loss and an open-water loss term, which are prescribed separately

in NESOSIM v1.1 (Petty et al., 2023b).
:::
The

::::::::::
open-water

::::
loss

::::
term

:::::::
accounts

:::
for

::::
sea

:::
ice

::::::::::::
concentration,

::::
with

::::::
regions

:::
of

:::::
lower

:::
sea

::
ice

::::::::::::
concentration

:::::::::::
experiencing

::::
more

::::::::::
open-water

::::
loss. For the purpose of this study, the blowing snow term parameters are195

treated as a single term, as was done in previous work (Cabaj et al., 2023), with the atmospheric loss factor being 0.15 times the

blowing snow parameter.Both thewind packingandblowing snowprocessesaresubjectto a wind actionthresholdof 5 m/s.

:::
The

:::::::
blowing

:::::
snow

::::
term

::
is

::::::::::
exclusively

:
a

::::
loss

::::
term

:::
and

:::::
does

:::
not

::::::
include

::::::::::::
redistribution.

:::::
When

:::::
snow

::
is

::::
lost

::::
from

:
a
::::
grid

::::
cell

:::
via

:::
this

:::::::
process,

::
it

:
is

::::::::
removed,

:::
not

:::::::::::
redistributed

::
to

:::::::
another

:::
grid

::::
cell.

:
This current study will extend previous parameter calibration

work by investigating the impact of using different reanalysis snowfall input products in NESOSIM.200

Previous work (Cabaj et al., 2023) demonstrated a successful calibration of NESOSIM's wind packing and blowing snow

parameters using an MCMC process when NESOSIM was run with ERA5 snowfall.An overviewof theprocessis provided

below,for reference.

MCMC is a Bayesianprocess
::::::
MCMC

::
is

::
an

:::::::::
algorithm

:::::::
applied

::
to

::::::::
Bayesian

::::::::
problems

:
where, given prior

:::::::::
information

:::
of

::
the

:
parameters and observational constraints on the parameters, posterior parameters may be obtained which produce model205

output that is more closely aligned to observations, as determined by a cost function; in this case, a log-likelihood function.

TheMCMC processis iterative,andis conductedfor NESOSIMasfollows (Cabaj et al., 2023):

1. Beginwith amodelrunwith priorparametervaluesa0 andobservedvaluesy, andcalculatethelog-likelihoodlog(p(yja0)) .

In thefollowing iterativeloop,setacurrent = a0

2. Foreachsubsequentstepin theMarkovchain:210
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3. Choosenewparametersatest asmallstepfromacurrent , with stepsizechosenfromthedistributionp(a0) (i.e.determined

by theprior parameteruncertainty).

4. Calculatethenewtestlog-likelihoodfunctionlog(p(yjatest )) .

5. Calculatethelog-likelihooddifferenceR = log( p(yjatest )) � log(p(yjacurrent )) . If R > log(U(0;1)) (whereU(0;1) is

chosenfrom auniformdistributionbetween0 and1), thenthenewparametersareaccepted,andacurrent := atest :215

As in Cabaj et al. (2023), the
:
of

:::
the

:::::::::
difference

::::::::
between

:::::
model

::::::
output

::::
and

:::::::
selected

:::::::::
aggregated

:
observations used for the

calibrationof NESOSIMaresnowdepthmeasurementsfrom themedianof airborneOperationIceBridge(OIB) measurements

(Petty et al., 2020)andfrom CRREL-Dartmouthbuoys(Perovich et al., 2019), andhistoricalsnowdensitymeasurementsfrom

Sovietdrifting stations(Radionov et al., 1997; Mallett et al., 2022). OIB measurementsareavailableexclusivelyin Marchand

April, andrepresentthemajorityof theobservationsusedfor calibratingtheparameters.Basin-averagedmonthlyclimatologies220

areusedfor the drifting stationandbuoy measurements,andOIB measurementsareaggregatedto daily averagesover the

NESOSIMmodelgrid.

Log-likelihoodis usedto reducethenumberof exponentialoperationscalculated,andthusreducecomputationalcosts.The

log-likelihoodfunctionusedin this studyis thesameasthatusedin Cabaj et al. (2023), shownbelow:

L = �
1
2

MX

i =1

(hN;i � ho;i )2

u2
ho

�
1
2

8X

j =1

(h� N;j i � h � d;j i )2

hu� d ;j i 2 �
1
2

8X

k=1

(hhN;k i � h hb;k i )2

huhb ;k i 2 :225

Here,M denotesthenumberof grid pointswith OperationIceBridgesnowdepthmeasurements,hN;i denotesNESOSIM

snowdepthoutputvaluesfor a given grid point, andho;i denotescorrespondingOIB snowdepthmeasurementsaggregated

to a singlegrid point for a singleday. uho denotesOIB observationaluncertainty.� denotessnowdensity,with subscripts

N for NESOSIMandd for drifting stations,respectively,andwith u� d;j denotingthecorrespondinguncertainty.hb denotes

CRREL-Dartmouthbuoydepthmeasurements,with correspondinguncertaintiesuhb;k . Angle bracketsdenotebasin-averaged230

monthlyclimatologies,andtheindicesj andk denotemonthsfrom Septemberto April.

Theacceptancestepin theMCMC algorithmallowsfor theavoidanceof localmaxima,andposteriorparameterdistributions

are obtainedfrom the distributionsof acceptedparameters.As in Cabaj et al. (2023), all distributionsare assumedto be

Gaussian.The modesof the posteriordistributionsprovideoptimal valuesfor the parameters.Parameteruncertaintycanbe

estimatedfrom thespreadof theposteriordistributions.This parameteruncertaintymaybepropagatedthroughthemodelto235

provideestimatesof modeluncertaintydueto parameteruncertainty.Additional parametersmayalsobecalibratedusingthe

MCMC process, but in previouswork, limitationswerefounddueto observationsnotprovidingsuf�ciently strongconstraints

for theoptimizationto providesuitableoptimalparametervalues(Cabaj et al., 2023).

To enableNESOSIMto berunwith MCMC parametercalibration,themodelwasmodi�ed to keepmodeloutputin memory,

minimizing thenumberof �le I/O operationsandprovidinga 20%speedupfor MCMC modelruns(Cabaj et al., 2023). The240

NESOSIM-MCMCcodewasalsoadaptedto enablethecalibrationto berun with differentreanalysissnowfall input products
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for this study.This highlightsthe versatility of
:::::::
weighted

:::
by

:::
the

:::::::::
uncertainty

:::
in

:::
the

:::::::::::
observations.

:::::
Using

:::
an

:::::::
MCMC

::::::::
approach

::
for

:::::::::
calibrating

::::::::::
NESOSIM

:::::
allows

:::
for

:::
the

:::::::::
automated

:::::::::
estimation

::
of

::::
free

::::::::::
parameters,

:::::
which

:::::
were

:::::::::
previously

::::::::
manually

::::::::
estimated

::
via

::::::::::
comparison

::
to

:::::::::::
observations

:::::::::::::::
(Petty et al., 2018)

:
.

:::
An

:::::
added

::::::
bene�t

::
of

:::
this

::::::::
approach

::
is

::::
that

:
it

:::::
yields

::::::::
posterior

:::::::::::
distributions

::
of

::
the

::::::::::
parameters,

::::::
which

::::::
provide

:::
an

:::::::
estimate

::
of

:::::::::
parameter

:::::::::
uncertainty

:::::::
subject

::
to

:::::::::::
observational

::::::::::
constraints.

:::
The

:::::::
MCMC

:::::::
process245

:
is

::::::::
iterative,

::::
and

::
is

:::::::::
conducted

:::
for

:
NESOSIM as a model well-suitedto observationalcalibration

::::::::
following

:::
the

::::::::
approach

:::
in

:::::::::::::::
Cabaj et al. (2023).

:::::::
Further

:::::::::
description

::
of

:::
the

::::::::::
NESOSIM

::::::
MCMC

:::::::::
calibration

::
is

::::::::
provided

::
in

::::::::
Appendix

::
B.

2.6 SnowModel-LG

SnowModel-LG (Liston et al., 2020; Stroeve et al., 2020) is a Lagrangian snow-on-sea-ice model. Like NESOSIM, it takes

snowfall input from reanalysis products. However, the representation of snow processes in SnowModel-LG is considerably250

more complex than NESOSIM, with the notable inclusion of snow melt, snowpack metamorphosis processes, and multiple

snow layers (a maximum of 25 layers for the product used in this study). Output is provided with a daily temporal resolution

and a spatial resolution of 25� 25 km. SnowModel-LG output has been found to compare favourably with several observational

campaigns (Stroeve et al., 2020), though agreement depends on the region and time period of comparison.

The ERA5 and MERRA-2 reanalysis products are used to provide snowfall input to SnowModel-LG.For SnowModel-255

LG , scalingfactorsare
:::
also

::::::::
includes

::
an

:::::::::::::::
observation-based

::::::::::
calibration,

::::
with

:::::::
scaling

::::::
factors applied to the reanalysis snow-

fall based on a correction empirically derived from Operation IceBridge snow depth measurements(Liston et al., 2020).

::::::::::::::::::::::::::::::::
(Liston et al., 2020; Stroeve et al., 2020)

:
.

:::
The

::::::::::
assimilation

::::::::
approach

::::
used

::
in

:::::::::::::
SnowModel-LG

::
is

:::::::::
consistent

::::
with

::::::
optimal

:::::::::::
interpolation

:::::::::
approaches

:::::::::::::::::::::::
(Liston and Hiemstra, 2008)

:
.

In this study, output from SnowModel-LG run with ERA5 and MERRA-2 input
::::::::
(retrieved

::::
from

:::
the

::::::::
National

:::::
Snow

::::
and260

::
Ice

:::::
Data

::::::
Center;

::::::::::::::::
Liston et al. (2021)

:
)
:
is used for comparison with NESOSIM(Liston et al., 2021). SnowModel-LG does not

include the Canadian Arctic Archipelago region, so this region is not considered for the comparisons between SnowModel-LG

and NESOSIM in this study. Furthermore, whereas NESOSIM is initialized in September, SnowModel-LG is initialized in

August and run through the melt season. For consistency, only months during which NESOSIM and SnowModel-LG data are

both available will be considered in this study.265

3 Investigating different reanalysis snowfall products

Here, we present a comparison of the reanalysis snowfall products used in this study as input to NESOSIM. Reanalysis snowfall

products are calibrated to CloudSat following the approach from Cabaj et al. (2020), but in this study, additional products are

used and a longer time series is examined, as discussed below.

3.1 Reanalysis snowfall calibration to CloudSat270

Figure 1 shows regionally-aggregated monthly-mean snowfall rates
::::
over

:::
the

:::::
ocean

:::::
region

:::
in

:::
the

:::::::
60-82°N

:::::::
latitude

::::
band

:
from

reanalysis products and CloudSat, from 1980-2016, without and with scaling to the CloudSat monthly climatologyasdescribed
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in
::::::::::::::::
(Cabaj et al., 2020).

::::
The

:::::::
scaling

::::::
entails

:::::
taking

::::
the

:::::::
monthly

:::::::::
reanalysis

::::::::
snowfall

:::
rate

::::
for

::::
each

::::::
month

::::
and

::::::::::
multiplying

::
it

::
by

::
a

::::::
scaling

::::::
factor,

::::::
which

:::::::
consists

::
of

::::
the

::::::::
CloudSat

::::::::::::
climatological

::::::::
monthly

:::::
mean

:::::::
snowfall

::::
rate

:::::::
divided

:::
by

:::
the

:::::::::
reanalysis

:::::::::::
climatological

::::::::
monthly

::::
mean

::::::::
snowfall

:::
rate

:::
for

::::
each

::::::::
respective

::::::
month.

::::
The

::::::::::::
climatological

:::::
means

:::
for

::::
this

::::::
scaling

:::
are

::::
taken

:::::
from275

:::::::::
2006-2016,

:::::::::
excluding

::::::
months

::
in

::::
2011

::::::
where

::::::::
CloudSat

::::::::::
observations

:::
are

::::::
absent

:::
due

::
to

:::::::::
instrument

::::::::::::
malfunctions.

::::::
Further

::::::
details

::
of

:::
this

::::::
scaling

:::
are

::::::::
provided

::
in

:
Cabaj et al. (2020). Before the scaling is applied in Fig. 1, there is some variation between the

reanalysis products, although they have similar seasonal cycles and generally coincident seasonal maxima and minima. ERA5

and MERRA-2 have relatively high snowfall compared to ERA-Interim and JRA-55. Snowfall rates from CloudSat, which are

available from 2006-2016 with a gap in 2011, are comparable to the snowfall rates of the other products. MERRA-2 is known280

to be wetter compared to other reanalysis products over the Arctic, when total precipitation is considered (Barrett et al., 2020;

Boisvert et al., 2018). This is particularly re�ected in the summer months, where MERRA-2 snowfall rates are the largest

relative to the other products.

As in Cabaj et al. (2020), we bias-adjust reanalysis snowfall input to climatological CloudSat snowfall for 2006-2016(excluding

monthsin 2011whereCloudSatobservationsareabsentdueto instrumentmalfunctions).Theadjustmentusesmultiplicative285

scalinginterpolatedacrossfour Arctic quadrants,a level of aggregationthat was found to be a necessaryto obtain robust

results(Cabaj et al., 2023).
:
. CloudSat scaling improves agreement amongst the reanalyses both within and outside the 2006-

2016 calibration period (Fig. 1b). Although MERRA-2's seasonal cycle in snowfall is consistently of greater amplitude than

the other products prior to 2006, thelevel of disagreementof
:::::::::
agreement

::
of MERRA-2 with the other products is considerably

reduced
:::::::
improved

:
with the scaling. JRA-55, which was not previously investigated in this context, is also brought into

:::::
closer290

agreement with the other products using this approach. This highlights the continued bene�ts of this bias-adjustment approach

for reconciling reanalysis snowfall products.

3.2 Snowfall comparison over ocean and sea ice for the NESOSIM domain

::
To

:::::
apply

::::::::
CloudSat

::::::
scaling

::::
over

:::
the

:::::::::
NESOSIM

::::::
model

:::::::
domain,

:
a
:::::
more

:::::::::::::::
regionally-re�ned

::::::
scaling

::::::::
approach

::
is

:::::
used.

:::::::::
Reanalysis

:::::::
snowfall

::::
rates

:::
are

::::::
scaled

::
to

:::::::::
CloudSat

::::::::::::
measurements

::::
from

::::::::
60-82°N

::::
over

::::
four

:::::::::
quadrants,

:::
as

::::::::
described

::
in

::::::::::::::::
Cabaj et al. (2020)295

:
. The CloudSat scaling was

::::::::
previously

:
found to improve agreement in basin-averaged and regionally-averaged snow depths

in NESOSIM v1.0, aswasdiscussedin Cabaj et al. (2020)
::::::::::::::::
(Cabaj et al., 2020). Some adjustments were made to the scaling

for NESOSIM v1.1, which has a larger model domain (Petty et al., 2023b), extending down to 50°N, compared to 60°N for

NESOSIM v1.0 (Petty et al., 2018).The modeldomainof
:::
For

:::
the

::::::
current

:::::::
version

::
of

:::
the

::::::
model,

:::
the

:::::::
scaling

:
is

:::::::::
performed

:::
as

::::::
follows.

:
300

::
As

::
in

::::::::
previous

:::::
work,

:::
the NESOSIM v1.1is shownin themapin

:::::
model

::::::
domain

::
is

::::::
divided

::::
into

::::::::
quadrants

:::::
with

::::::::::
longitudinal

:::::::::
boundaries

::
at

:::::::::
longitudes

::::::
135°W,

::::::
45°W,

:::::
45°E,

::::
and

::::::
135°E,

::::::::::
respectively,

:::
as

::::::::
illustrated

:::
in Fig. A1, with shadingindicatingthe

60-82°Nlatitudeband.To applyCloudSatscalingover theNESOSIMmodeldomain,reanalysissnowfall ratesarescaledto

CloudSatmeasurementsfrom 60-82°Noverfour quadrants,asdiscussedin Cabaj et al. (2020), .
:::
For

:::::
each

::::::::
quadrant,

:::::
within

::
a

:::::
region

:::::::
between

::::::::
latitudes

::
of

:::::
60°N and

::
82

:::
°N

::::::::
(indicated

:::
by

::::
solid

:::::
lines

::
in

::::
Fig.

::::
A1),

::::::::
CloudSat

::::::
scaling

::::::
factors

:::
are

:::::::::
calculated

:::
by305

:::::::
dividing

:::
the

:::::::
CloudSat

::::::::
monthly

:::::::
snowfall

::::::::::
climatology

::
by

:::
the

:::::::::
reanalysis

:::::::
monthly

:::::::
snowfall

::::::::::
climatology

::::::::
averaged

::::
over

:::
the

::::::
region.
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Figure 1. Monthly mean snowfall rates from reanalysis products and CloudSat, regionally-averaged over the ocean region in the 60-82°N

latitude band (i.e. excluding land), (a) without scaling to CloudSat, and (b) scaled to the CloudSat monthly snowfall climatology. Panel (c)

shows the difference between the reanalysis products and CloudSat for the no-scaling (dashed) and with-scaling (solid) cases, from 2006-

2016.
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:::
The

:::::
same

::::::::
CloudSat

::::::
scaling

::::::
factors

::
as

:::::::::
previously

::::::::
calculated

:::
for

::::::::::::::::
Cabaj et al. (2020)

::
are

:::::
used,

::::
with

:::
the

:::::::
addition

::
of

::::::
scaling

::::::
factors

::
for

:::::::
JRA-55

::::::
which

::::
were

:::
not

:::::::::
previously

::::::::::
calculated.

:::
The

:::::::
scaling

::::::
factors are linearly interpolatedover the modeldomainfrom

the corners. The longitudinalboundariesof the quadrantsareat longitudes135
::::
across

::::
the

::::
pole

::::
from

:::::::
corners

::
at

:::::::
latitudes

:::
of

::
45

:
°
::
N

:::::::::
(longitudes

:::
of

:::
90°W, 45 °W, 45

::::
0°E,

::
90°E, and135

:::
180°E,respectively,asillustrated

:::::::
indicated

:::
as

::::
A-D

:
in Fig. A1. In310

NESOSIMv1.1
:
),

::::::::
consistent

:::::
with

::
the

:::::::::::
interpolation

:::::::::
performed

:::
for

::::::
version

:::
1.0

::
of

:::
the

::::::
model.

:::
To

:::::::
account

:::
for

:::
the

:::::::
extended

::::::
model

::::::
domain

::
in

:::::::::
NESOSIM

:::::::
version

:::
1.1, the scaling factors areunchanged,but areextrapolatedsouthward

::::::::::
extrapolated

::::::::::
southwards

::::
from

:::
the

:::::
same

::::::
corners

::::::
(A-D)

:
as constant valuesto coverthe extendedmodeldomain

:
.

::::
This

::::::
process

:::::::
creates

:
a

:::
set

::
of

::::::::
monthly

::::::
gridded

::::::
scaling

::::::
factors

::::::
which

:::
are

::::
then

::::::::
multiplied

:::
by

:::
the

::::
daily

:::::::::
reanalysis

:::::::
snowfall

:::::
rates

::::
used

::
as

:::::
input

::
to

:::::::::
NESOSIM

:::::
v1.1,

::::
with

:
a

:::::::
different

:::
set

::
of

::::::
scaling

::::::
factors

::::
used

:::
for

::::
each

::::::
month.315

Figure 2 shows the impact of CloudSat scaling as applied to NESOSIM model input for monthly climatologies of reanalysis

snowfall rates over ocean (which includes both ice and open ocean, with land masked out), and over sea ice only, respectively,

regionally-averaged over a representative subset of the different Arctic regions shown in Fig. A1.

CloudSat scaling effectively reconciles differences between reanalysis products for the pan-Arctic ocean region in Fig.

1 during the satellite era, but shows less consistency for individual regions and when ice-covered scenes are broken out.320

Over the ice-plus-ocean region, for which the CloudSat scaling was originally developed, the CloudSat scaling reconciles

differences between the products for most months in most regions. A notable exception is in the Central Arctic region, where

the September snowfall values are excessively large for JRA-55 following the application of the CloudSat scaling. This may

be because JRA-55 is biased relatively low compared to CloudSat and the other products, so the CloudSat scaling, determined

using ice-plus-ocean scaling factors, greatly increases the snowfall rates, especially in the early part of the sea ice season.325

Furthermore, since CloudSat observations are limited to latitudes south of 82°N, the scaling factors may be less reliable over

more poleward regions. Over the ice-covered region alone, the CloudSat scaling reduces inter-product consistency in some

regions and months.In the Barents
::::
Over

:::
sea

::::
ice,

:::
the

::::::
overall

:::::::::::
inter-product

::::::
spread

::::::::
increases

::
in

:::::::::
September

:::
and

:::::::
October

:::
in

:::
the

::::::
Central

::::::
Arctic,

:::::::
October

::
in

:::
the

:::::::
Beaufort

::::
Sea,

::::::::::::::::
October-November

::
in

:::
the

:::::::
Chukchi

::::
Sea,

:::
all

::::::
months

::::::
except

::::::
January

::::
and

:::::::::
September

::
for

:::
the

:::::
Kara

:::
Sea,

:::
all

::::::
months

::::::
except

:::::
April

:::
and

:::::::::
September

::
in

:::
the

:::::::
Barents

:::
Sea,

::::
and

::
all

:::::::
months

:::::
except

:::::
April

::
in

:::
the

::::
East

:::::::::
Greenland330

:::
Sea.

:::
In

:::
the

:::::
Kara,

:::::::
Barents,

:
and East Greenland Sea regions, for example,

::
in

::::::::
particular,

:
JRA-55 and MERRA-2 are closely

reconciled by the CloudSat scaling, but ERA5 is less changed by the scaling, which results in it being biased relatively low

with respect to the other products.

Seasonal cycles of snowfall over sea ice may be similar to snowfall over the ice-plus-ocean region in some regions, but

other regions show stark differences. Of the regions shown, the seasonal cycles and magnitudes differ considerably between335

the two cases in the Chukchi Sea, Barents Sea, and East Greenland Sea regions. By comparison, the differences are notably

less stark in the Central Arctic region, which has considerable ice cover even in the early season. In the Kara and Beaufort

seas, the seasonality is similar between the two cases, although the magnitudes differ. Many of the regions show a relatively

low snowfall over the ocean-plus-ice region in September, but those same snowfall minima are not as prominent in the plots

for the ice-covered regions. This suggests that much of the snow that is present during the early part of the season is coincident340

with the presence of sea ice. This may be due to ice-covered regions having lower temperatures, which permits the presence of
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Figure 2. Monthly climatologies of regionally-averaged snowfall rates from reanalysis products from1980-2019
::::::::
1980-2021; over the ocean

region (i.e. including both ice-covered and ice-free ocean) and over sea ice only, without and with CloudSat scaling (CS) applied.Shading

represents
:::
Bars

:::::::
represent

:
the interannual standard deviations of the climatologies. Note the differing scales on the vertical axes between

regions.
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Con�guration WP (s� 1) � W P (s� 1) CVW P BS (m� 1) � BS (m� 1) CVBS AR

Model default (prior) 5:8 � 10� 7 -
:::::::
1 � 10� 8

:
- 2:9 � 10� 7 -

:::::::
1 � 10� 8

:
- -

MCMC-ERA5 2:05� 10� 6 3:11� 10� 7 15% 4:01� 10� 7 5:30� 10� 8 13% 29%

MCMC-JRA-55 2:35� 10� 6 9:82� 10� 7 42% 1:05� 10� 6 4:01� 10� 7 38% 46%

MCMC-MERRA-2 1:59� 10� 6 3:40� 10� 7 21% 6:03� 10� 7 1:12� 10� 7 19% 33%
Table 2. Optimal parameters from MCMC optimization for different reanalysis inputs, with the default (prior) con�guration

:::
and

:::
the

:::::::
prescribed

:::::
prior

::::::
standard

::::::::
deviations

:
included in the �rst row for reference. WP refers to wind packing and BS refers to blowing snow.

MCMC-derived standard deviations are denoted by� . CV refers to the respective coef�cients of variation for each parameter. AR refers to

the acceptance rate of the MCMC optimization; i.e. the percentage of iterations whose test parameter values are accepted.

early-season snowfall where other regions may have rainfall. Despite these regional inconsistencies, due to the limited overlap

between CloudSat orbits and ice-covered regions which would likewise adversely impact CloudSat scaling if it were restricted

to ice-covered regions, we proceed with the established CloudSat scaling factors. We will return to the discussion of issues

related to CloudSat scaling in Section 7.345

Discrepancies in reanalysis input yield discrepancies in the output from NESOSIM driven by different reanalysis snowfall

products. This motivates the observation-constrained calibration of NESOSIM run with different reanalysis snowfall inputs

using an MCMC method, as was previously done in Cabaj et al. (2023). The following section discusses an updated calibration

of NESOSIM and the impact on model-derived snow depth and density.

4 Impact of MCMC calibration on NESOSIM output350

4.1 Posterior model parameters

In this study, the same MCMC approach in Cabaj et al. (2023) is repeated, but with the addition of other reanalysis snowfall

inputs; MERRA-2 and JRA-55 snowfall are used in addition to ERA5. The MCMC process was run for 10,000 iterations for

each snowfall input product. The �rst 5,000 iterations are discarded to exclude “burn-in” values, as was done in Cabaj et al.

(2023). Nevertheless, in each case, the optimal posteriorparameters
::::::::
parameter

:
values did not differ signi�cantly between the355

�rst andsubsequent
:::::::
(burn-in)

::::
and

:::::::::
subsequent

:::::
(after

:::::::
burn-in) sets of iterations, demonstrating robust convergence of the MCMC

process.

Figure 3 shows the posterior distributions obtained from the MCMC calibrations of NESOSIM run with snowfall input

from ERA5, JRA-55, and MERRA-2, respectively. The posterior distributions are aggregated from parameter values that are

accepted during the MCMC process, and provide both the optimal (maximum-likelihood) parameter values, and estimates of360

the parameter uncertainties (Gelman et al., 2013). Numerical values for the optimal parameters and associated uncertainties

are shown in Table 2, along with the coef�cients of variation and the acceptance rates. The acceptance rate, calculated from the

ratio of accepted parameters to the total number of iterations, indicates the ef�ciency of theprocess.
::::::
MCMC

:::::::
process,

::::
with

:::
an

14



Figure 3. Posterior wind packing and blowing snow parameter distributions from MCMC calibration using snow input from ERA5, JRA-

55, and MERRA-2, respectively. Note that the distributions have some overlap. The red dot indicates the prior parameter values and the

other coloured dots indicate the optimal parameter values for the three respective products. The side panels show the marginal distributions,

highlighting the overlap.

::::::
optimal

::::::::
ef�ciency

:::
for

::
a

::::::::::
2-parameter

::::::
MCMC

:::::::
process

:::::
being

::::::::::::
approximately

::::
23%

:::::::::::::::::
(Gelman et al., 2013)

:
.
::::::::::
Coef�cients

::
of

::::::::
variation

::
are

:::::::::
calculated

::::
from

:::
the

:::::::
standard

::::::::
deviation

::
of

:::
the

:::::::
posterior

::::::::::
distribution

::::::
divided

:::
by

:::
the

:::::::
posterior

::::::::
parameter

::::::
value,

:::
and

:::::::
quantify

:::
the365

::::::
relative

::::::
spread

::
of

:::
the

:::::::
posterior

:::::::::::
distribution.

::::
This

:::::::
provides

:
a
::::::::::
quantitative

:::::::::
indication

::
of

::::
how

::::::::::::::
well-constrained

:::
the

:::::::::
parameters

:::
are

::
by

:::
the

::::::
MCMC

::::::::::
calibration. The posterior distribution of ERA5 is considerably narrower than the distributions of MERRA-2 and

JRA-55, with the latter being noticeably broad relative to the posterior distributions of the other two products. Therespective

coef�cients of variation for the wind packing(blowing snow)parameters
::::::::::
parameters,

::
as

::::::::
indicated

::
in

:::::
Table

::
2 are 15%(13%)

for ERA5, 42%(38%) for JRA-55, and 21%(
::
for

::::::::::
MERRA-2.

::::
The

:::::::::
coef�cients

:::
of

:::::::
variation

:::
for

:::
the

::::::::
blowing

::::
snow

::::::::::
parameters370

::
are

:::::
13%

:::
for

::::::
ERA5,

::::
38%

:::
for

:::::::
JRA-55,

::::
and

:
19% ) for MERRA-2. The JRA-55 parameter distribution has a slight bimodality

in both wind packing and blowing snow, although the maximum-likelihood parameter corresponds to the larger mode. The

spreads of the parameters for ERA5 and MERRA-2 are more comparable, with the MERRA-2 posterior distributions being

somewhat wider than those of ERA5. In terms of departure from the prior values, ERA5 has the closest blowing snow value to

the prior, and MERRA-2 has the closest wind packing to the prior. JRA-55 demonstrates the largest departure from the prior375

parameter values overall. The acceptance rates are included primarily as an indicator of the ef�ciency of the MCMC process;
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ERA5 and MERRA2 are relatively close to the optimal (23%) ef�ciency for a 2-parameter MCMC optimization (Gelman

et al., 2013). The comparatively large acceptance rate for JRA-55 suggests that a larger step size could be used for the MCMC

optimization for this product, but given that the NESOSIM-MCMC optimization is not excessively computationally expensive,

the existing con�guration is suf�cient for the scope of this study.
:::
The

:::::::::
correlation

:::::::
between

:::
the

:::::
wind

:::::::
packing

:::
and

:::::::
blowing

:::::
snow380

:::::::::
parameters

::::
may

::
be

::
a

::::::::::
consequence

::
of

:::
the

:::::::::
processes

:::::::::::
compensating

:::
for

::::
each

:::::
other,

::
as

:::::::::
described

::
in

:::::::::::::::
Cabaj et al. (2023)

:
.

:::
The

:::::
wind

::::::
packing

:::::::
process

:::::::
transfers

:::::
snow

::
to

:::
the

:::::
lower

:::::
layer,

:::::
where

:::
the

:::::::
blowing

:::::
snow

::::::
process

::::::
cannot

:::::::
remove

:::::
snow,

::
so

::
if

::::
wind

:::::::
packing

::
is

:::::::::::
strengthened,

:::
the

:::::::
blowing

::::
snow

:::::::
process

::::
may

:::
also

:::
be

:::::::::::
strengthened

::
to

::::::::::
compensate

:::
and

::::::
enable

::::::::
additional

:::::
snow

:::::
depth

::::::::
reduction.

:

These results highlight that model parameter tuning is heavily dependent on the forcing dataset. Care must be taken when

using reanalysis-based snow-on-sea-ice reconstructions such as NESOSIM with different snow input datasets, since model385

processes may be less physically representative when different inputs are used. When developing parameterizations for such

model processes, it is important to consider that biases in model inputs will be likewise re�ected in model parameterizations.

Biases in observations used for calibration will also impact the model output, but may be inevitable given the relative scarcity

of in situ observations of snow on sea ice. Overall, MCMC can be used to objectively determine model parameters and their

uncertainty given uncertainty of inputs.390

4.2 Snow depth and density uncertainty estimates

Given posterior parameter uncertainties provided from the MCMC calibration, uncertainty in the NESOSIM output can be

calculated. Figure 4 shows the depth and density for a single representative late-decade year, with shading representing the

associated MCMC-estimated uncertainty for each respective product. The uncertainty is calculated from a 100-parameter en-

semble run with the wind packing and blowing snow parameters sampled from the posterior distribution for each respective395

MCMC calibration, as in Cabaj et al. (2023). This represents uncertainty due to the model parameter uncertainty, and therefore

does not characterize all the uncertainties in the model. The day-to-day variability is quite similar between the time series,

although some differences remain between the products. NESOSIM with JRA-55 input shows a sharper early-season increase

in snow depth compared to the other products, although the late-season snow depth is comparable to those of the other prod-

ucts. Snow density values for the NESOSIM-JRA-55 output are also largest overall, re�ecting its stronger wind packing. The400

agreement in day-to-day density variations is likely a consequence of the identical ERA5 wind inputs to each NESOSIM run,

since wind packing is dependent on wind input to NESOSIM. NESOSIM-JRA-55 has the largest uncertainty in snow depth

and snow density, which is consistent with the spread of the posterior parameter distributions.

The multi-product average was calculated as the average of the MCMC-calibrated output from NESOSIM for the three

different reanalysis inputs. The uncertainty in the multi-product average was calculated using the standard deviation of the405

three 100-parameter model-run ensembles for the three reanalysis products. It thus quanti�es both the uncertainty due to

model parameter uncertainty, and the spread from the use of different model snowfall inputs. Initially, a bootstrap sampling

approach was attempted to produce potentially more robust estimates, but it was found that the bootstrap-estimated standard

deviations differed from the directly-calculated standard deviations by at most only 0.05%. Hence, the standard deviation of

the combined parameter ensemble was used to calculate the multi-product average uncertainty for the depth and density.410
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Figure 4. Single-year daily snow depth and density time series for each MCMC-calibrated NESOSIM con�guration (with snowfall input

from ERA5, JRA-55, and MERRA-2 reanalysis products) and for the multi-product average. Shading denotes uncertainty estimated based

on the MCMC parameter uncertainty.
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Figure 5. Daily uncertainty estimates for snow depth (a,b) and density (c,d) for a single season (2018-2019) of NESOSIM run with all the

products separately, and the multi-product average. The absolute uncertainties are shown in (a,c) and percent uncertainties are shown in (b,d).

Grey shading indicates the �rst 15 days of the season.
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To enable more direct uncertainty comparisons, uncertainties and percent uncertainties for depth and density due to model

parameter uncertainty are shown in Fig. 5.
:
A

::::
plot

::
of

::::::::
monthly

:::::::::::
interannually

::::::::
averaged

:::::::::::
uncertainties

::::
from

::::::::::
1980-2021

::
is

::::
also

:::::::
available

::
in

:::
Fig

::::
A2. As in Fig. 4, the percent uncertainty magnitudes re�ect the shape of the posterior distributions. The relative

insensitivity of NESOSIM snow output to model parameter values, as was observed in Cabaj et al. (2023), persists here;

the percent uncertainties are considerably smaller than the NESOSIM parameter uncertainty, represented by coef�cients of415

variation, as discussed in Section 4.1. The NESOSIM-ERA5 uncertainties are relatively small compared to the other products.

The percent uncertainties for all the products attain their initial maxima within approximately 15 days from when the model is

initialized, despite the differing snow inputs. This further justi�es the choice of 15 days as a “ramp-up” period for uncertainty

in Cabaj et al. (2023).

The multi-product-average percent uncertainty is larger than the ERA5 percent uncertainty because it accounts for the420

spread
::::::::::
inter-product

::::::::::
differences

:
across snowfall input products, reaching a range of 8-18% snow depth uncertainty, and a

lower
::::::
smaller

:
range of 2-5% uncertainty for snow density. The relatively low percent uncertainty for density may be because

the density values are constrained to a relatively narrow range with a maximum prescribed by the model. The multi-product

density percent uncertainty is also notably lower than the JRA-55 density percent uncertainty, which suggests that the JRA-

55 density data alone has more relative spread compared to all the ensemble data aggregated together. In particular, as seen425

in Fig. 4, the JRA-55 uncertainty overlaps considerably with ERA5, and to some extent with MERRA-2. Hence, there is

some reduction in the standard deviation when the parameter ensembles are consolidated to construct a single inter-product

spread
:::::::
standard

::::::::
deviation.

4.3 Impact of MCMC calibration on snow depth

Figure 6 shows basin-average monthly snow depth climatologies from NESOSIM, illustrating how re-calibrating NESOSIM430

parameters for each individual reanalysis forcing brings the output snow depths from NESOSIM into better consistency across

the datasets. The average snow depth is lowered somewhat overall, with the multi-product average in April (27.6
:::
27.4 cm) now

very close in value to the ERA5 end-of-season value (27.4
:::
27.3 cm). Given that in both Fig. 6a and b, ERA5 is plotted with its

posterior parameters, it follows that the other products have values that more closely match the ERA5 output in Fig. 6b, after the

remaining two products have likewise been MCMC-calibrated to the same target observations to which ERA5 was calibrated435

previously. Some of the relative biases between the products persist; JRA-55 continues to have a relatively large early-season

snow depth which is not seen in the other products
:
,

::::::::
consistent

::::
with

:::
its

::::::::::
early-season

:::::::
snowfall

::::
bias. Conversely, at the end of the

season, JRA-55 and MERRA-2, whichpreviously both exceeded ERA5 at the end of the season,nowbracketit
::::::::
consistent

::::
with

:::::::
snowfall

:::::
biases

::::
over

::::
sea

:::
ice

::
in

::::
most

:::::::
regions,

::::::::::
particularly

::::
over

:::
the

::::::
central

:::::::
Arctic.

::::::::
Following

:::
the

:::::::
MCMC

::::::::::
calibration,

:::::::
JRA-55

:::
and

:::::::::
MERRA-2

:::::::
bracket

:::::
ERA5

:::::
snow

:::::
depth on either side, with the multi-product average closely matching the ERA5 values.440

The shading
:::
bars

:
in Fig. 6 shows interannual variability of the ERA5-calibrated and individually-calibrated model runs

:
,

:::::
which

::
is

:::::::::
calculated

::
as

:::
the

::::::::
standard

::::::::
deviation

::
of

::::
the

::::::::::
climatology. (These quantities are also plotted separately in Fig. A3).

The interannual variability reaches its seasonal peak at the beginning of the season for JRA-55 and ERA5, and at the end of

the season for MERRA-2, though the seasonal cycle attains its minimum for all products in October. JRA-55 has the largest
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Figure 6. Basin-average monthly snow depth climatologies from NESOSIM for1980-2019
:::::::
1980-2021, (a) with the model run using the

MCMC-ERA5 con�guration for all products (i.e. using the same wind packing and blowing snow parameters), and (b) with the param-

eter values re-tuned to each respective reanalysis input.Shadingdenotes
:::
Bars

::::::
indicate

:
interannual variability

::::::
(standard

::::::::
deviation

::
of

:::
the

:::::::::
climatology), which is also shown separately in Fig. A3.

interannual variability in September, and in October and onward, MERRA-2 has the largest interannual variability of all the445

products. MCMC calibration reconciles some of the overall spread in interannual variability between the snow depth outputs,

although there is less agreement in interannual variability between JRA-55 and MERRA-2 in October following the calibration.

Both JRA-55's high early-season variability and MERRA-2's high late-season variability decrease somewhat following the

MCMC calibration, bringing them into closer agreement with the rest of the products.

4.4 Impact of MCMC calibration on snow density450

Although the MCMC calibration reconciles snow depths for NESOSIM run with different snowfall inputs, the opposite is

seen for bulk snow density. Figure 7 shows plots of the basin-average monthly bulk snow density climatologies before and

after the calibration. The climatologies show very close agreement when the same (MCMC-ERA5) parameters are used for

each NESOSIM run, but differ considerably when the individually-calibrated MCMC parameters are used. This is likely a

consequence of how snow density is represented in the model. Since snow density in each layer of NESOSIM is �xed, bulk455

density is a function of the ratio of snow depths in the two layers. Hence, the bulk density in NESOSIM is strongly sensitive

to the strength of the wind packing process, which transfers snow between the layers. Model runs with different snowfall

inputs can still produce similar bulk densities, so long as the same wind packing parameter and wind input are used.
:::
The

:::::
slight

:::::::::
differences

:::::::
between

:::
the

:::::::::::
uncalibrated

::::
snow

:::::::
density

::::::
outputs

::::
may

:::::::
depend

::
on

:::
the

::::::
timing

::
of

::::::::
snowfall.

::::
For

:::::::
example,

::
a

::::
high

:::::
snow

:::::::::::
accumulation

:::::
event

:::
will

::::::
reduce

:::
the

::::::
overall

::::
bulk

:::::::
density

::
in

:::
the

::::
short

:::::
term,

:::
but

::
if

:::
this

::::::::::::
accumulation

::::::
occurs

::::
early

::
in

:::
the

:::::::
season,460
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Figure 7. Basin-average bulk snow density monthly climatologies for1980-2019
::::::::
1980-2021, (a) for the MCMC-ERA5 con�guration, (b)

with each product calibrated separately.Shadingrepresents
:::
Bars

:::::::
represent the standard deviations of the climatologies, indicating interannual

variability.

::::
more

:::::
snow

::::
may

:::::::::::
subsequently

::
be

:::::::::
transferred

::
to

:::
the

:::::
lower

:::::
layer,

:::::::::
increasing

:::
the

::::
bulk

::::
snow

:::::::
density

::
in

::
the

:::::
long

::::
term

:
if

::::::::::
subsequent

:::::::::::
accumulation

::
is

:::::
lower.

::::::::::
NESOSIM

:::::
driven

:::
by

:::::::
JRA-55

:::::
shows

:::::
deep

:::::
snow

::
in

:::
the

:::::
early

::::::
season

::::::
relative

::
to

:::::
other

::::::::
products,

::::::
which

:::
may

:::::::::
contribute

::
to

::
its

::::
high

::::::::::
later-season

:::::
snow

::::::
density

::::
bias

::
as

::::
seen

::
in

::::
Fig.

::
7. Conversely, if the wind packing parameter changes,

the modelled density will shift accordingly. The inter-product density differences following MCMC calibration are consistent

with the posterior parameter values shown in Fig. 3: the wind packing parameter is largest in JRA-55, which reports the highest465

bulk snow density value, whereas the smallest wind packing parameter is obtained in the MERRA-2 calibration, which reports

the lowest density value.

The widened spread between products following the calibration also re�ects the fact that the density values are relatively

under-constrained by the MCMC calibration approach due to the small number of density measurements used. Monthly cli-

matologies of basin-averaged historical density measurements are used as observational constraints for the calibration, due470

to a relative lack of widespread contemporary density measurements. These density observations are vastly outnumbered by

the Operation IceBridge depth observations used in the optimization, which puts more weight on the OIB measurements in

the likelihood function. Hence, because the snow depth constraint is stronger, the MCMC calibration will tend to reconcile

differences in snow depth while potentially introducing discrepancies in density. Some of this spread may also be related to

how the wind packing and blowing snow parameters vary in tandem during the calibration, which may also be a consequence475

of relatively few density measurements provided. Given that previous work in Cabaj et al. (2023) found that sea ice thickness

estimates produced using NESOSIM snow input are more sensitive to snow depth than differences in snow density, we proceed
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Figure 8. Climatologies of regionally-averaged snow depth, density,andvolume
:::::
density from MCMC-calibrated NESOSIM output and

SnowModel-LG output, for1980-2019
::::::::
1980-2021. Regional CDR sea ice area climatologies also shown. “Average” indicates the inter-

product average for the three NESOSIM con�gurations. Climatologies from SnowModel-LG driven with ERA5 and MERRA-2 are also

shown, with dashed lines. Regions are as described in Fig. A1.Shadingindicates
:::
Bars

::::::
indicate

:
interannual variability

::
of

::::
each

::::::::
respective

:::::::::
climatology,

:::::
which

:
is

::::::::
quanti�ed

::
by

:::
the

:::::::
standard

:::::::
deviation

::
of

::
the

:::::::::
climatology.

with using the individually-calibrated density values to produce the NESOSIM multi-product-average density, despite their

wider spread.

4.5 Regional snow-on-sea-ice climatologiesand trends480

Figure 8 shows regionally-averaged snow depth,density,andvolume
::
and

:::::::
density

:
climatologies by region (with regions as

de�ned in Meier and Stewart (2023)
:::::::::::::::::::::
Meier and Stewart (2023)), from NESOSIM-MCMC output, and from SnowModel-LG.

Sea ice area calculated from the NOAA/NSIDC Climate Data Record (CDR) product (Peng et al., 2013) is also shown; this

product is used in NESOSIM. The sea ice product used in SnowModel-LG differs in that it uses the NASA Team algorithm,

whereas the CDR product uses the highest value from the NASA Team and Bootstrap algorithms (Cavalieri et al., 1996; Peng485
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et al., 2013). NESOSIM and SnowModel-LG snow depths agree well in the Central Arctic, Beaufort Sea, and Chukchi Sea

regions, but NESOSIM exceeds SnowModel-LG in the Kara, Barents, and East Greenland Sea regions. Notably, NESOSIM

shows the greatest snow depths in the East Greenland Sea region, as expected from the presence of the North Atlantic storm

track (Webster et al., 2019), but SnowModel-LG records this as a region with much less snow depth (� 27 cm versus� 72 cm

in the late-season). Knowing that NESOSIM's simplicity might challenge its realism in high latitude North Atlantic regions490

like the East Greenland Sea, improved observations of snow on sea ice are critical in such regions. In several peripheral seas

of the Arctic Ocean, SnowModel-LG demonstrates a
::::
slight

:
leveling off of the snow depth in March and April (as can be seen

in the Beaufort, Chukchi, and Kara Seas). Conversely, snow depth in NESOSIM steadily increases in the late-season months

in these same regions. This discrepancy may be due to a lack of representation of melt or other snow metamorphosis processes

in NESOSIM, since even at high latitudes, some melt is expected at the end of the season. However, other inter-model process495

differences may also contribute.

For regionally-averaged snow densities from NESOSIM and SnowModel-LG, the limitations of the simple representation of

snow density in NESOSIM are apparent, since the density in NESOSIM does not exceed 350 kg/m3, the prescribed maximum

density of the model. The seasonal cycles of density in NESOSIM exhibit few regional differences. By contrast, in SnowModel-

LG, snow densities and their seasonal cycles vary considerably by region. There is an early-season decline in density in500

several regions for SnowModel-LG that is not represented in NESOSIM, including the Beaufort, Chukchi, and Kara Seas. The

densest snow in SnowModel-LG is present in the East Greenland Sea region, exceeding the maximum snow density possible

in NESOSIM as early as January. This high density may explain some of the representational discrepancies for NESOSIM in

this region. Because the snow cannot become as dense in NESOSIM, given equal amounts of snowfall input, lower density will

yield a deeper snowpack. Nevertheless, differences in snow density representation do not entirely explain differences between505

SnowModel-LG and NESOSIM. In some regions where NESOSIM has a higher density (e.g. Barents Sea), it likewise has a

deeper snowpack.

Given that the regionshavediffering surfaceareas,themagnitudesof snowvolumecannotbedirectly comparedbetween

regions,but theycanbecomparedto thesnowdepths

5
:::::::::::
Comparison

::
to

::::::::
MOSAiC

::::
and

:::::::
IceBird

:::::::::::
observations510

:::::::::
NESOSIM

::::
(run

::::
with

:::
the

::::::::::::::
ERA5-calibrated

::::::::::
parameters

:::::::::::
(“E5con�g")

:::
and

:::::::::::
individually

::::::::
calibrated

::::::::::
parameters

::::::::::
(“MCMC"))

::::
and

:::::::::::::
SnowModel-LG

::::::
output

:
is

:::::::::
compared

:
to

:::::::::::
MagnaProbe

:::::
snow

::::
depth

::::::::::::::::
(Itkin et al., 2021)

:::
and

::::
snow

::::::
density

:::::
cutter

::::::::::::::::::::::::::
(Macfarlane et al., 2021, 2022)

::::::::::
observations

::::
from

:::
the

:::::::::
2019-2020

::::::::
MOSAiC

:::::::::::
observational

:::::::::
campaign

::::::::::::::::::::::::::::::::::
(Macfarlane et al., 2023; Itkin et al., 2023),

::::
and

::
to

:::::::
airborne

::::
snow

:::::
radar

::::
depth

:::::::::::
observations

::::
from

:::::
April

::::
2017

:::
and

:::::
April

::::
2019

:::::
from

:::
the

::::
AWI

::::::
IceBird

:::::::::::
observational

::::::::
campaign

::::::::::::::::
(Jutila et al., 2022)

::
in

:::
Fig.

::
9.

::::
The

::::::::
observed

:::
data

:::
are

::::::::::
aggregated

::
to

:::
the

::::::::
respective

:::::::::
NESOSIM

::::
and

:::::::::::::
SnowModel-LG

::::::
model

:::::
grids.515

::::
Both

:::::::::
NESOSIM

::::
and

:::::::::::::
SnowModel-LG

:::::
snow

::::::
depths

::::
show

::::::::
relatively

:::::
good

:::::::::
agreement

::::
with

:::
the

:::::::
gridded

::::::
IceBird

::::
and

::::::::
MOSAiC

:::::::::::
observations,

::::
given

:::
the

:::::::::::
considerable

:::::::::
differences

:::
in

:::::
spatial

::::
and

:::::::
temporal

::::::::
sampling

:::::::
between

:::
the

::::::::
modelled

::::
and

::::::::
observed

::::::
values.

::::::
Overall

:::::::::::::::
root-mean-square

:::::::::
differences

:::
are

::::
low

:::
(no

::::::
greater

::::
than

:::
10

:::
cm

:::
for

::
all

::::::::
products

:::
and

::::::::::::
observations),

:::
and

:::::
mean

::::::
biases

:::
are
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Figure 9.
:::::
Scatter

::::
plots

::::
with

:::::
kernel

:::::
density

:::::::
estimates

::
of

:::::::::
NESOSIM

:::
and

::::::::::::
SnowModel-LG

:::::
output

:::::::
compared

::
to

::::::::::
observations

::::::::
aggregated

::::
daily

::
to

::
the

::::::::
respective

:::::
model

::::
grids

:::
from

::::::
IceBird

:::::::
airborne

::::
snow

::::
radar

:::::
(April

::::
2017

::
and

:::::
April

::::
2019)

::::::::::::::::::::::::::::::
(Jutila et al., 2022; Jutila et al., 2024a, b),

::::::::
MOSAiC

:::::::::
MagnaProbe

:::::
snow

::::
depth

::::::::::
(2019-2020)

:::::::::::::
(Itkin et al., 2021)

:
,

:::
and

:::::::
MOSAiC

:::::
snow

:::::
density

::::::
cutters

:::::::::
(2019-2020)

:::::::::::::::::::::::
(Macfarlane et al., 2021, 2022)

:
.

::::::::
Correlation

:::
(r),

::::
mean

::::
bias

::::
(MB)

:::
and

:::::::::::::
root-mean-square

::::::::
difference

:::::
(RMS)

:::
are

::::::
shown.

:::
The

:::
1:1

:::
line

:
is

::::
also

:::::::
indicated,

:::
for

:::::::
reference.
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:::::::
generally

::::::::
relatively

:::::
small

::::::::
(absolute

:::::
value

::::
less

:::
than

::
5

:::
cm

:::
for

::
all

::::::::
products

:::
and

::::::::::::
observations).

::::::
Overall

::::::::::::
observational

::::::::::
correlations

::
are

:::::::::
somewhat

::::::
better

:::
for

:::::::::
NESOSIM

:::::
than

:::
for

::::::::::::::
SnowModel-LG,

::::::::::
particularly

:::
for

::::::::::::::
SnowModel-LG

::::::
driven

:::
by

:::::::::
MERRA-2. The520

relativebiasesbetweensnowvolumeclimatologiesaresimilarto thosebetweensnowdepthfor the
:::::::::::::::
Root-mean-square

:::::::::
differences

::
are

::::::::
generally

::::::::::
comparable

:::::::
between NESOSIM and SnowModel-LGproducts.Early-seasonsnowvolumeis highin

:::
for

::::::::
MOSAiC

::::
data,

::::::
though

:::::::::
somewhat

:::::
lower

::
for

::::::::::
NESOSIM

:::::
when

:::::::::
comparing

::
to

:::::::
IceBird.

:::::
Mean

:::::
biases

:::
for

:::::
snow

:::::
depth

:::
are

::::::
largest

:::
(in

:::::::
absolute

:::::
value)

:::
for

::::::::::::::
SnowModel-LG

:::::
driven

:::
by

::::::
ERA5

::::::
relative

::
to

:::::::::
MOSAiC,

::::
and

:::::::::
NESOSIM

::::::
driven

:::
by

::::::
JRA-55

:::::
with

:::::
ERA5

::::::::::
parameters

::::::
relative

::
to

::::::::
IceBird.

:::::
Some

::
of

::::
the

::::::::
MOSAiC

:::::
snow

:::::
depth

:::::::::::
observations

:::::
show

::::
high

::::::
values

:::::
(>60

::::
cm)

::::
that

:::
are

:::
not

::::::::
captured

:::
by525

::
the

::::::::
models;

::::
these

:::::::::::
observations

::::
tend

:::
to

:::::::
coincide

::::
with

:::::::::::::
measurements

:::::
made

::
on

:::
or

::::
near

:::
sea

:::
ice

:::::::
ridges.

::::::::::
Conversely,

:::
for

:::::
some

::::::
gridded

:::::::::::::
measurements,

::
the

:::::::
models,

:::::::::
especially

::::::::::::::
SnowModel-LG,

:::
can

::::::::::
considerably

:::::::::::
overestimate

:::::
snow

:::::
depths

:::::::
relative

::
to

:::::::
IceBird.

:::::::::
Differences

::
in

::::::
model

::::::::
gridding

::::
may

::::
also

::::::::
contribute

::
to

::::::::::
differences

::
in

::::::::::
correlations

::::
and

::::::
biases.

:::::
Since

::::::::::::::
SnowModel-LG

:::
grid

::::
has

:
a

::::
�ner

::::
grid

::::
than

::::::::::
NESOSIM,

:::::::::::
observations

::::::
gridded

:::
to

::
be

:::::::::
compared

::::
with

:::::::::
NESOSIM

:::
are

:::::
more

:::::::::
aggregated

::::
and

:::
can

:::::
have

:::::
fewer

::::::
extreme

::::::
values,

:::
as

:
is

:::
the

::::
case

:::
for

:::::::
IceBird.

:
530

:::
For

:::::
snow

::::::
density,

::::::::::::::
SnowModel-LG

:::
has

:::::
more

:::::::::
variability

::::
than

::::::::::
NESOSIM,

::::::
which

::
is

:
a
:::::::::::
consequence

::
of

::::
the

::::::::
relatively

::::::
simple

:::::::::::
representation

:::
of

:::::
snow

:::::::
density

::
in

:::
the

:::::
latter

:::::::
model.

:::::::::::
Nevertheless,

:::::
both

::::::
models

:::::
have

::::::
similar

::::::::::
challenges

::::
with

:::::::::::
reproducing

:::::::
observed

:::::
snow

::::::
density

::::::
despite

:::
the

::::::::::
differences

::
in

::::
snow

:::::::
density

:::::::::::
representation

::::::::
between

::
the

:::::::
models,

::::
with

::::::::::
correlations

:::
no

::::::
greater

:::
than

:::::
0.23.

::::
This

:::::::::::
disagreement

::::
may

::
be

::::::
partly

:::
due

::
to

::::::::
sampling

::::
bias

::
in

:::
the

::::
snow

:::::::
density

:::::::::::
observations,

:::
and

:::
the

::::::
overall

::::::::
dif�culty

::
in

:::::::::
comparing

::::
point

::::::::::::
measurements

::
to

:::::::::
large-scale

::::::::
modelled

::::::
values.

::::
Both

::::::
models

:::::
show

:
a
::::
high

:::::
mean

::::
bias

::::::
relative

::
to

::::::::
observed

::::::
values,535

::::
with

:::::::::::::
SnowModel-LG

::::::
driven

:::
by

:::::::::
MERRA-2

::::::
having

:::
the

::::::
largest

:::::
mean

::::
bias,

::
as

:::::
well

::
as

:::
the

::::::
largest

:::::::::::::::
root-mean-square

:::::::::
difference.

::::::::
Although

:::::::::
NESOSIM

:::
has

::
a

::::
high

:::
bias

:::::::
overall,

:::::
some

::::
snow

:::::::
density

::::::::::::
measurements

::::
were

:::::
found

::
to

:::::::
exceed

:::
350

::::::
kg/m3

:
(theCentral

Arctic region,which is consistentwith therelatively largeearly-seasonseaice areain theregion.Someregions,in particular

theBeaufortandChukchiSearegions,becomefully (or almost-fully)ice-coveredtowardstheendof theseason.This reduces

theinterannualvariability in iceareain thoseregions.TheBarentsandEastGreenlandSearegions,however,havemuchlarger540

interannualvariability in ice area.This largervariability is expected,sincetheseregionsextendfurther southtowardswarm

NorthAtlantic waters.
::::::::
maximum

:::::::
density

:::
the

:::::
model

:::
can

:::::::::
represent),

:::::::::::
highlighting

::::::
another

::::::::
limitation

:::
of

::
the

::::::
model.

:::::
Snow

:::::::
density

::::::::::
observations

:::::
from

::::::::
MOSAiC

:::::
could

::
be

:::::
used

::
in

:::::
future

:::::
work

::
to

:::::
guide

:::
the

:::::::::::
development

::
of

:::
the

::::::::::::
representation

::
of

:::::
snow

:::::::
density

::
in

:::::::::
NESOSIM

::
to

::::
help

:::::::
address

:::
this

:::::::::
limitation.

:::::::
Several

::::
large

::::::::
observed

:::::::
density

:::::
values

:::
(>

:::
400

:::::::
kg/m3)

:::
are

:::
not

::::::::::::::
well-represented

:::
by

:::::
either

::::::
model.545

:::
The

:::::::
IceBird

::::
and

::::::::
MOSAiC

:::::::::::
observations

::::
have

:::::
been

:::::
made

::::::::
available

::::::::
recently,

:::
and

:::::
have

:::
not

:::::
been

::::
used

:::
to

:::::::
calibrate

::::::
either

:::::::::
NESOSIM

::
or

::::::::::::::
SnowModel-LG.

::::::
IceBird

::::
data

:::::::
captures

:::::
some

:::::::
regional

:::::::::
variability

::::
over

::::
some

:::::::
regions,

::::
and

::::::::
MOSAiC

::::
data

:::::::
captures

:::::::
seasonal

:::::::::
variability

:::
for

:
a

::::::
single

::::::
season.

:::::::::::
Nevertheless,

:::::
both

:::::::
datasets

:::
are

::::::
limited

::
in

::::
their

::::::::::::
observational

::::::::
coverage,

::::
and

::
as

:::::
such,

:::
this

::::::::::
comparison

:::::::
provides

::
a

::::::
limited

::::::::::
assessment

::
of

:::
the

::::::
impact

:::
of

:::
the

:::::::
MCMC

:::::::::
calibration.

::::
The

::::::::::
NESOSIM

:::::::
MCMC

:::::::::
calibration

:::::::
improves

:::::
snow

:::::
depth

:::::::::
agreement

::::::
slightly

:::::::
relative

::
to

::::::
IceBird

:::::::::::
observations,

:::
but

::::
has

:::::
mixed

::::::
results

::::::
relative

::
to

::::::::
MOSAiC

:::::
depth

::::
and550

::::::
density

:::::::::::
observations.

::
In

:::::::
general,

:::
for

::::
snow

::::::
depth,

:::
the

:::::
effect

::
of

:::
the

::::::
MCMC

:::::::::
calibration

::
is

::
to

:::::
lower

:::
the

:::::
mean

::::
bias.

::::
This

::::::
brings

:::
the

:::::
model

::::::
output

:::
into

::::::
closer

:::::::::
agreement

::::
with

:::
the

:::::::::::
observations

:::::
where

:::
the

::::::
model

::
is

:::::
biased

:::::
high,

::
as

::
is

:::
the

::::
case

:::
for

:::::::
IceBird,

:::
but

::::
can

::::::
degrade

:::::::::
agreement

::
if

:::
the

:::
bias

::
is

::::::::::::
comparatively

::::
low,

::
as

:
is

:::
the

::::
case

:::
for

:::::::::
NESOSIM

::::::
driven

::
by

:::::::::
MERRA-2

:::::::
relative

::
to

::::::::
MOSAiC.

::::
The
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Figure 10. Basin-average monthly trends from1980-2019
::::::::
1980-2021 for snowfall over sea ice from reanalysis products

:::
with

::::::::
CloudSat

:::::
scaling

::::::
applied, MCMC-calibrated NESOSIM snow depth,

::
and

:
density, andvolume,andCDR sea ice concentration, calculated using a

Theil-Sen trend estimator for all products.““Average” ”
:

denotes the multi-product average.Shadingindicates
:::
Error

::::
bars

::::::
indicate

:
a 95%

con�dence interval as given by the trend estimator
:
;
:::::
points

:::::
where

::::
there

::
are

:::
no

:::::
trends

:::
(the

::::::
interval

::::::
overlaps

:::
the

::::
zero

:::
line)

:::
are

:::
not

:::::
shown. The

grey dashed lines indicate the zero line for reference. SnowModel-LG is excluded from this plot due to differences in model domains.

:::::::::
correlation

::
is

::::::::
improved

:::
for

::
all

:::::::
products

:::::::
relative

::
to

:::::::
IceBird,

:::
but

::
is

:::::::::
unchanged

:::
by

:::
the

:::::::::
calibration

::::::
relative

::
to

::::::::
MOSAiC

:::::
depth

::::
and

::::::
density.

::::
The

::::::
MCMC

:::::::::
calibration

:::
has

::::::
mixed

::::::
impacts

:::
on

::::::::
agreement

::::
with

::::::::
observed

::::::
density,

:::
but

:::
the

::::::
overall

::::::
impact

::
of

:::
the

:::::::::
calibration555

:
is

::::::
small,

:::::
likely

:::
due

::
to

::::::::
sampling

:::::::::
differences

:::
and

::::::
model

:::::::::::::
representational

:::::::::
challenges

::
as

::::::::
discussed

:::::
above.

::::
The

::::::::
improved

:::::::::
agreement

::
to

:::::::
airborne

::::::::::
observations

:::::
may

::
be

:::::
partly

::
a

:::::::::::
consequence

::
of

::::::
similar

:::::::::::
observations

:::::
(from

::::
OIB)

:::::
being

:::::
used

::
as

:::::
input

::
to

:::
the

:::::::
MCMC

:::::::::
calibration.

:

6 Trends in MCMC-calibrated NESOSIM output

Trends were calculated using a Theil-Sen trend estimator, consistent with the approach used by Mudryk et al. (2015). The560

Theil-Sen trend estimator produces estimates of trends by �nding the median of slopes between all pairs of points in a dataset.

This approach allows for the estimation of a trend uncertainty based on a chosen con�dence interval; a 95% con�dence interval

was chosen for this study. In the following discussion, trends are considered signi�cant if the 95% con�dence interval does not

overlap with zero.
:
If

:::
the

:::::::::
con�dence

:::::::
interval

:::::::
overlaps

::::
with

:::::
zero,

::
we

::::::::
consider

::::
there

::
to

:::
be

::
no

:::::
trend.

:

Basin-average trends from NESOSIM for snowfall over sea ice, snow depth, snow density,snowvolume,and sea ice area are565

shown in Fig. 10. The trends in snowfall over sea ice are not statistically signi�cant for most products except for asigni�cant

decline for MERRA-2. The productsalsodisagreeon the sign of the trendfor severalmonths
::::
from

:::::::
October

::::::::
onwards

:::
and

::
a

:::::::::
decreasing

:::::::
snowfall

::::
trend

::
in

:::::::
January

:::
and

::::::::
February

:::
for

::::::
JRA-55. The basin-average trends in snow depth from MCMC-calibrated

NESOSIM output vary in magnitude by product, but are all broadly similar in sign. MERRA-2 has the strongest trends in the

basin-average overall. The trend is found to be negative (declining snow depth) in all months except September, where the570

trend is signi�cantly positive for all products, and October, wherethe trendis not signi�cant for the multi-productaverage;

::::
only MERRA-2 shows asigni�cant declinebut theotherproductsshowno signi�cant

:::::::::
(declining) trend. Snow density trends
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Figure 11. Monthly trends for regionally-averaged quantities over the1980-2019
:::::::
1980-2021

:
time period: reanalysis snowfall over sea ice,

snow depth,
::::
snow

:
densityandvolume(from NESOSIM and SnowModel-LG), and sea ice area (from the Climate Data Record product).

Shadingindicates
::::
Error

:::
bars

::::::
indicate

::
a 95% con�denceintervals

::::::
interval

:
as

:::::
given

::
by

:::
the

::::
trend

:::::::
estimator;

:::::
points

:::::
where

::::
there

:::
are

::
no

:::::
trends

:::
(the

:::::
interval

:::::::
overlaps

:::
the

:::
zero

::::
line)

:::
are

::
not

:::::
shown.

are generallyconsistent
:::::
similar

:
between the products,which is consistentwith thefact thatsnowdensity

::::
aside

::::
from

::::::::
October,

:::::
where

::::
only

:::::::
JRA-55

:::::
shows

::
a

:::::
trend.

:::::::::
Similarity

:::::::
between

:::
the

:::::
snow

::::::
density

:::::
trends

::
is

::::::::
expected,

:::::
since

:::::
snow

::::::
density

:
in NESOSIM

is less sensitive to snow input, being primarily dependent on wind speed. Since snow density in NESOSIM is limited to the575

range of 200-350 kg/m3, the density trends may be spuriously low, particularly towards the end of the season, where density

values approach the maximum and interannual variability is low (Fig. 7).Snowvolumetrendsaresigni�cantly decliningin all

months,likely enhancedby thedecliningtrendin seaice area,which is particularlystrongin theearlierpartsof theseason.

The comparatively large declining trends in MERRA-2 for depthandvolumemay result from its high early-decade snowfall

bias relative to the other products. Higher early-year snowfall rates in MERRA-2 can be seen in Fig. 1 and are consistent with580

�ndings on Arctic total precipitation in MERRA-2, which is likewise consistently higher in early years (Barrett et al., 2020).

Regional trends inreanalysissnowfalloverseaiceareshownin Fig. 11alongwith trendsin snow depth, snow density,snow

volume,and sea ice area. Althoughthetrendmagnitudesandseasonalcyclesfor snowfallvary by region,mostof thetrends

for mostproductsarenotstatisticallysigni�cant ata95%con�denceinterval
::
are

::::::
shown

::
in

:::
Fig.

:::
11.

::::::::
Regional

:::::
trends

::
in

::::::::
snowfall

::
are

::::::
shown

::
in

::::
Fig.

::::
A4;

:::::::
although

:::::
there

::
is

:::::::
regional

::::::::
variation

::
in

:::::::
snowfall

::::::
trends,

:::::
most

:::::::
products

:::::
show

:::
no

::::
trend

:::
for

:::::
most

::::::
months,585
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likely due to high interannual variability of snowfall.Different reanalysisproductsdisagreeon the sign of snowfall trends

in the CentralArctic, with MERRA-2 indicatingdecliningtrendsthroughoutthe season,andERA5 andJRA-55suggesting

early-seasonincreases.Trendsin theEastGreenlandSearegionarelargein somemonthsbut generallynot signi�cant, except

for someproductsin FebruaryandApril, wherea decliningtrendis observed.A large and signi�cant early-season decline is

apparent in the Kara Sea region
:
,

:::
but

::::
only

:::
for

:::
the

:::::
month

::
of

:::::::::
September

:::
for

:::::
most

:::::::
products.590

Trends in snow depth are generally stronger and more statistically signi�cant than trends in snowfall. Many of the peripheral

seas show a signi�cant declining trend for all products from October onward. These trends are consistent with results from

Webster et al. (2019), who �nd delays in sea ice formation particularly in the Chukchi Sea region, and attribute declining

snow-on-sea-ice trends partly to the increasingly late sea ice onset in this region. The East Greenland Sea region differs

noticeablyin seasonalityfrom the other regions shown, witha slight but not signi�cant increaseuntil February-March,where595

a decliningtrendis found.This decliningtrendis weakin
::
no

:::::
trend

:::
for

::::
most

:::::::
months

:::::
except

:::
for

::
a

:::::
slight

:::::::
increase

::
in

:::::::::
November

::
for

:
SnowModel-LG, but strongandsigni�cant in NESOSIM

:::::
driven

:::
by

::::::::::
MERRA-2,

:::
and

:::::::
declines

:::
in

::::
April

::::
only

:::
for

::::::::::
NESOSIM

:::::
driven

:::
by

:::::::::
MERRA-2

:::
and

:::::::
JRA-55. In the Central Arctic region,all productsshowa decliningtrendafterSeptember,but this

trendis not signi�cant in
::::::
declines

:::
are

::::::::
generally

::::
seen

::::
only

:::
for

::::::::
products

:::::
driven

:::
by

:::::::::
MERRA-2.

::
A

:::::
slight

:::::::
October

:::::::
decline

::
is

::::
seen

::
for

:
SnowModel-LG driven by ERA5and,

::
a

:::::::::
September

::::::
decline

:::
for

:::::::::
NESOSIM

::::::
driven

::
by

::::::
ERA5,

:::
and

:::::::
declines

::
in

:::::::::
November

::::
and600

:::::
March

:::
for

:
NESOSIM driven by JRA-55.

Despite the differences in the snow depth climatologies between NESOSIM and SnowModel-LG, the
::::
snow

:::::
depth

:
trends

show considerably more overlap between the two models, with inter-productdifferencesof acomparablemagnitudeto inter-model

differences. This demonstratesthat
:::
how

:
the choice of snowfall input to reanalysis-based snow-on-sea-ice reconstructions can

impact the magnitude and signi�cance of derived snow depth trends.Furthermore,thechoiceof snowfall input impactssnow605

depthtrendsmorethanclimatologies.In most
::
In

::::::
several regions, the strongest declining trends are found in MERRA-2, whereas

theweakesttrendsarefoundin
:::::
trends

:::::
often

::::
tend

::
to

::
be

:::::::
smaller

::
or

:::::
absent

:::
for

:
ERA5, for both NESOSIM and SnowModel-LG.

Severalregionsdemonstratenear-zerosnow depthtrendsin Septemberfollowed by an abruptdecline in the following

months.Thesepatternsarenot re�ected in the snowfall trends,andarelikely to be relatedto seaice decline.In the Central

Arctic region,wheremoreseaiceis presentduringtheearlymonths,theearly-seasonchangein thetrendis lesssteep.However,610

in theKaraSearegion,which experienceda signi�cant decliningtrendin snowfalloverseaice in SeptemberandOctober,a

correspondingdeclinein snow depthis not observedin Septemberin either NESOSIM or SnowModel-LG.Nevertheless,

signi�cant declinesarefoundin this regionfor othermonths.

For snow density trends, inter-model differences tend to be larger than inter-product differences. Declining trends are

strongest
:::::
largest

:
around October-November for most products and regions, except in the Barents and East Greenland Seas.615

Densitiesin
:::
The

::::
East

:::::::::
Greenland

::::
Sea

:::::
region

::::::
shows

::::::::
increases

::
in

:::::
snow

::::::
density

:::
for

:::::
some

::::::
months

::::
and

::::::::
products.

:::::::::
NESOSIM

::::
and

SnowModel-LG
::::::
disagree

:::
on

:::
the

::::
sign

::
of

:::
the

:::::
snow

::::::
density

:::::
trend

:::
for

:::::::::
September

::
in

:::
the

:::::::
Beaufort

::::
Sea,

::::
and

:::
for

::::::
March

::
in

:::
the

::::
East

::::::::
Greenland

::::
Sea

:::
for

::::::::
products

:::::
driven

:::
by

::::::::::
MERRA-2.

:::::::
Overall,

::::::::
densities

::
in

::::::::::::::
SnowModel-LG

:
tend to show largeandsigni�cant

declines
:::::::
declines

::::::
relative

::
to

::::::::::
NESOSIM. As discussed previously, NESOSIM end-of-season density trends may be spuriously
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low
:::::
small due to NESOSIM snow densities approaching their maximum towards the end of the season, although end-of-season620

density trends as represented in SnowModel-LG also tend to beweaker
::::::
smaller.

Trendsin snowvolumecloselymirror snowdepthtrendsin severalregions,thoughdifferencesareneverthelessapparent.In

theCentralArctic, BeaufortSeaandChukchiSearegions,thereis a notablesigni�cant early-seasondeclinein snowvolume

for all products,whereasthe snow depthdeclines,if present,are not so signi�cant in the early seasonfor theseregions.

Thesedeclinesare associatedwith strongearly-seasonseaice areadeclines.The inter-productspreadin trendsincreases625

towardsthe endof the season,however.In the Kara Searegion,Septembersnowvolumetrendsremainnot signi�cant, but

becomesigni�cant from Octoberonward.In theBarentsandEastGreenlandSearegions,early-seasontrendsaresmallandnot

signi�cant, but later-seasondeclinesareapparent.Snowvolumetrendsin thesetwo regionsdiffer considerablyin seasonality

from thesnowdepthtrends,with strongerlate-seasondeclines,likely in�uencedby seaiceareadeclinein theseregions.There

is alargeinter-modeldifferencein trendmagnitudebetweenNESOSIMandSnowModel-LGin theEastGreenlandSearegion,630

with NESOSIMshowingmuchlargerdeclinesoverall.The largestsnowvolumedeclinesarefound in theCentralArctic for

NESOSIMdriven by MERRA-2, althoughthis regionalsohasa very wide inter-productspread,with NESOSIMdriven by

ERA5 and JRA-55 and SnowModel-LGdriven by ERA5 not showingsigni�cant snow volume declines.Thus, the choice

of reanalysisalsohasan impacton snowvolumetrends,thoughinter-modeldifferencesaremorereadily apparentin some

regions.635

Seaice areatrends
:::
Sea

:::
ice

::::
area

::::::
trends vary by region, but strong declines are found for at least part of the season in all

regions shown. In the Central Arctic and the Siberian sector, as well as the Beaufort Sea, thestrongest
:::::
largest

:
declining trends

are in the earlier months of the cold season. (Stronger
::::::
Larger trends may be present in months outside of the NESOSIM study

period.) When sea ice in these regions attains its maximum extent, the trends largely vanish, suggesting a persistent cold-season

cover. Towards the North Atlantic (Barents, East Greenland),stronger
:::::
larger declines are seen in later months.640

To provide a more regional perspective on snow trends,Fig. A5 showsmapsof March snowfall trendsin the reanalysis

productsandtheiraverage.Mapsof
::::
maps

::
of

:
snow depth trends in NESOSIM and SnowModel-LG output are shown in Fig. 12.

::::::::::::
Corresponding

:::::::
snowfall

::::::
trends

::
are

::::::
shown

::
in

:::::::::
Supporting

::::
Fig.

::::
A5. For these plots, trends were also calculated using a Theil-Sen

estimator, but only grid squares containing at least 20 years of values were included to exclude spurious trends. Consistently

with results from the regional monthly trend plots,snowfall trendsarenot signi�cant for
::::
there

::
is

:
a
::::
lack

:::
of

:::::::
snowfall

::::::
trends645

:::
over

:
most of the Arctic basin, due to the high interannual variability of Arctic snowfall relative to the magnitude of the trends.

:::::
Slight

::::::::
increases

:::
are

::::
seen

:::
in

:::
the

:::::::
Barents

:::
Sea

::::
and

::
in

:::
the

::::
Sea

::
of

::::::::
Okhotsk,

::::
and

:::::::::
decreasing

::::::
trends

:::
are

::::
seen

::::
east

:::
of

:::::::::
Greenland

::
for

:::
all

::::::::
products.

:
The depth trends are more robust, highlighting a decline in the peripheral seas consistent with the results

shown in the regional plots, as well as some slight declines around Hudson Bay and Labrador Sea. Some signi�cant increasing

depth trends north of the Beaufort Sea are found inbothSnowModel-LGproducts
:::::
driven

:::
by

:::::
ERA5, as well as in NESOSIM650

driven by ERA5 and JRA-55, though the products differ on thesigni�cance
::::::::
existence of the increasing trend near the North

Pole. The spatial pattern of increasing trends north of Greenland and the Canadian Arctic Archipelago and decreasing trends

elsewhere is consistent with the pattern of springtime trends found by other studies, including Webster et al. (2019) and Zhou

et al. (2021), although the spatial extent of the signi�cant trends differs. Some differences are expected, since the other studies
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