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Winter arctic sea ice volume
decline: uncertainties reduced
using passive microwave-based sea
ice thickness

Clement Soriot?*“, Martin Vancoppenolle3, Catherine Prigent*, Carlos Jimenez'* &
Frédéric Frappart®

Arctic sea ice volume (SIV) is a key climate indicator and memory source in sea ice predictions

and projections, yet suffering from large observational and model uncertainty. Here, we test
whether passive microwave (PMW) data constrain the long-term evolution of Arctic SIV, as recently
hypothesized. We find many commonalities in Arctic SIV changes from a PMW sea ice thickness (SIT)
1992-2020 time series reconstructed with a neural network algorithm trained on lidar altimetry,

and the reference PIOMAS reanalysis: relatively low differences in SIV mean (4615 km?3, 37%), SIV
trends (46 km3/yr, 17%), and phased variability (r?=0.55). Key to reduced differences is the consistent
evolution of many SIV contributors: seasonal and perennial ice coverage, their SIT contrast, whereas
perennial SIT provides the largest remaining uncertainty source. We argue that PMW includes useful
SIT information, reducing SIV uncertainty. We foresee progress from sea ice reanalyses combining
dynamical models and data assimilation of PMW SIT estimates, in addition to the already assimilated
PWM sea ice concentration.

Arctic sea ice loss is attributed to anthropogenic CO, emission'?, a key element in favor of an anthropogenic ori-
gin of climate change®. Empirical knowledge of Arctic sea ice loss mostly comes from satellite Passive MicroWave
(PMW) retrievals of sea ice fractional coverage*°. Available since 1979, hence providing the longest continuous
climate time series*®, PMW records show a decrease in sea ice coverage in any month of the year since 1979”8
exceeding 10% per decade during summer months’.

Sea Ice Thickness (SIT) provides a more in-depth characterization of sea ice changes than coverage. Indeed,
SIT directly relates to the negative storage of thermal energy in sea ice. In addition, spatially integrated SIT deter-
mines the Sea Ice Volume (SIV). To date, compilation of observational sources and ice-ocean model reanalyses
have established a significant SIT decrease above 60% of the mean in the Central Arctic between the 1970s and
the 2010s'>!1, along with a corresponding SIV loss'>"!%. Both findings are rated with very high confidence in
recent IPCC assessment reports”®. In Fram Strait, the primary gateway for Arctic sea ice, the longest consistent
SIT record available confirms thinning, and reveals a regime shift in 2005-2007, marked by a rapid reduction in
modal SIT, variance, and thick ice prevalence'®.

Quantitatively however, uncertainties in Arctic SIV are considered to exceed 50% for the absolute value and
30% for the long-term trend®'>131¢17_for several reasons. First, in situ sources (e.g. airborne, submarine, drilling)
inconsistently and unevenly sample SIT'*!8-2!. Furthermore, space-borne lidar and radar altimeter SIT retriev-
als cover less than two decades with noncontinuous observations*>** and suffer from error propagation, mostly
from uncertain snow depth!'®*-%, Finally, ice-ocean model reanalyses, while benefiting from the assimilation
of PMW Sea Ice Concentration (SIC) and Sea Surface Temperature (SST), are hindered by SIT model errors,
resulting in a large SIV inter-model spread'*-'“.

PMW could provide an alternative, consistent observational source for SIT time series. Recent work has
uncovered relationships between SIT and PMW signals not only for sea ice up to 50 cm - 1 m*-*, but also
for thicker ice®!. Building on this, several groups developed machine-learning based algorithms using PMW
data, trained on lidar and/or radar satellite altimetry SIT data. These algorithms demonstrated comparable
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performance with standard altimetry when tested against independent airborne SIT observations®'~**. The PMW
SIT algorithm® processes the few PMW channels available over several decades and therefore offers means to
provide several decade-long of consistent SIT time series. On this basis, we produced and evaluated a new 1992-
2020 SIT estimate and SIV volume PMW time series over the pan-Arctic for the cold month (October-March),
with the® algorithm. It is applied on a long time series of climate-quality satellite observations from Special
Sensor Microwave / Imager (SSM/I) and Special Sensor Microwave Imager Sounder (SSMIS) (Fundamental
Climate Data Record™).

In this work, we examine whether a new PMW SIT estimate records® improves our knowledge of Arctic
SIV and its long-term changes. To accomplish this, the new PMW SIT retrieval product is evaluated against the
PIOMAS (Pan-Arctic Ice-Ocean Modelling and Assimilation System?®) reanalysis. The PIOMAS SIT product
has been thoroughly evaluated against in situ SIT observations'? and is considered as a reference. Similar to
PIOMAS (and other modelling systems assimilating sea ice concentration), the new SIV time series benefits from
the well-resolved ice-water contrast by PMW emissions, for the estimation of the sea ice concentration. A key
distinction between PMW and PIOMAS lies in the fact that PMW SIT relies on PMW observations only, using a
neural-network-based algorithm, while PIOMAS SIT derives from model calculation and data assimilation (see
Methods), leading to different uncertainties. PIOMAS suffers from model biases stemming from improper model
physics, numerics or calibration. The algorithm?®' trained on 2018-2019 lidar altimetry data inherits altimetry
issues, in addition to PMW sensitivity to snow melt in the spring, and has larger uncertainties in the earliest
sections of the time series, particularly in the 1990s, when the thickest ice on record was present in the Arctic
Basin. Nevertheless, we find the PMW and PIOMAS SIT and SIV time series over the last three decades similar
in many respects, including changes in volume, thickness distribution, and the seasonality of these changes.

Results

PMW and PIOMAS similarly depict Arctic sea ice thinning and volume loss

SIV is the spatially-integrated SIT over sea ice area. To estimates SIV, two SIT datasets were utilized: the v2.1
PIOMAS reanalysis®® and a PMW SIT estimates®'. The PIOMAS record is based on a simulation with a sea ice-
ocean model assimilating passive microwave SIC and infrared SST records'?**. The PMW SIT data set is based
on a neural network retrieval algorithm trained with SIT lidar altimetry data (ICESat-2), from the 2018-2019
cold season (Methods). The algorithm was applied to the inter-calibrated SSM/I and SSMIS Fundamental Cli-
mate Data Record® over 1992-2020, from October to March. Later in the spring, the PMW signals are affected
by snow melt*, and the accuracy of the PMW SIT is reduced.

PMW and PIOMAS SIT records have in common a poleward increase in thickness, relatively thin seasonal
ice in marginal Arctic seas, and thicker multi-year ice mostly in the Arctic Basin (Fig. 1). Remarkably, SIT is on
average 0.53 m higher in PMW than in PIOMAS, giving a corresponding SIV excess in PMW of 4615 + 1852 km?
(Table 1). More detailed reasons for the SIT and SIV differences between the two datasets are given later in the
text. PMW also features the pan-Arctic 1992-2020 sea ice thinning already documented in both observational
datasets and model outputs including PIOMAS'**%7, as maps shown in Fig. 1 indicate.
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Figure 1. Decline of the Sea Ice Volume between 1992 and 2020 for October and March, estimated by Passive
MicroWave (PMW) satellite observations and by the PIOMAS model, along with their associated linear trends.

The maps show the average Sea Ice Thickness fields for every winter (Oct-Mar) in the period, as derived from
the PMW observations.
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< SIV > |oct—Mar Trend | oct—Mar o1A oy2y ASIVMar—oct

[103km?] [103km®/yr] [10°km?] [103km?] [103km’]
PMW 175+ 5.0 0.31 £0.03 1.42 1.81 10.8 £0.9
PIOMAS 126 £4.3 0.27 £0.02 0.76 0.92 10.1 £ 0.9

Table 1. Summary of 1992-2020 Sea Ice Volume statistics (Oct-Mar) for the PMW and PIOMAS time series.

From left to right: mean SIV, mean SIV trend, standard deviation of monthly detrended anomalies, standard
deviation of year-to-year change in monthly values, average Oct-Mar volume increase.

The Arctic SIT reduction is largely consistent in PMW and PIOMAS datasets. In both, sea ice thinning is
widespread, all-month, and strongest in the Central Arctic (Fig. 2, upper panels). Also, thinning trends are
largest where the ice is the thickest. Indeed, the thick sea ice that was systematically found in the Central Arctic
and regularly located on the Siberian Shelf in the 1990s, has become rare in recent years and confined to areas
north of the Canadian Arctic Archipelago and north of Greenland. Quantitatively, over 2016-2020, the total area
where SIT is above the third quartile (3.3 m in PMW and 2.4 m in PIOMAS) was drastically reduced as com-
pared with 1992-1996 - by a factor of 3.5 in PMW (4.5 in PIOMAS). The rapid thinning of thick ice is consistent
with a thermodynamic response to thermal forcing perturbations, stemming from the sea ice growth-thickness
relationship®®. Seasonally, thinning trends are largest in October, reaching up to 9 cm/year in the Eastern Arctic
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Figure 2. Changes in Sea Ice Thickness (SIT) between 1992 and 2020. Upper panels: Spatial distribution of
the PMW SIT trends for October (a), December (b), and March (c) (with P-values < 0.05). Middle panels:
Evolution of the average SIT and SIA for the whole Arctic during October (d), December (e), and March (f)
between 1992 and 2020 for PMW (dots) and PIOMAS (cross). Lower panels: Evolution of the SIT distribution
between 1992 (blue) and 2020 (red) over (g) the whole Arctic, (h) over seasonal sea ice, and (i) over perennial
sea ice (distributions of the PMW SIT in the upper half of the figures and PIOMAS SIT in the lower half). SIT
are binned over 10 cm.
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Basin and on the Siberian Shelf in PMW whereas PIOMAS thinning trends reach 8 cm/year in the Central
Arctic and North of Greenland (Fig. 2, upper panels), consistently with the effects of late sea ice advance largest
in early fall***,

PMW and PIOMAS are also highly consistent in terms of SIV changes (r> > 0.9 for most months, Table 2),
and this despite their differences in mean SIV. A mostly linear decline is identified for all investigated months,
with an Oct-Mar mean SIV trend of 312 km?*/year in PMW, 17% larger than in PIOMAS (Table 2). In both
records, SIV trends are larger early in the ice season (Oct-Dec) than in March, in agreement with previous
findings'!. We note, however, that the seasonal decrease in trend magnitude from October to March is more
than 2 times larger in PIOMAS than in PMW. SIV trends are also largely sensitive to the period of interest: both
PMW and PIOMAS agree on larger trends in the 2000-2010 decade and smaller trends over 2010-2020 (not
shown) and trend can vary by 20-30% by changing the period of interest. Finally, inter-annual SIV variations
are found in both records.

PMW and PIOMAS agree on the key impact of perennial ice loss on SIV trends, not on how
much

In general, the patterns of thinning and volume loss are comparable in both PIOMAS and PMW datasets, even if
the datasets result from different paradigms (the first is a combination of model calculations and data assimila-
tion, and the second is based on a statistical PMW SIT retrieval trained on lidar altimetry). However, discrepan-
cies exist between these records, warranting a more in-depth investigation to better characterize these differences.
The primary cause of SIV change in both records is mean SIT, rather than Sea Ice Area (SIA), as illustrated in the
middle panels of Fig. 2. From November to March, thinning contributes to 92% of the observed changes in SIV,
while shrinking accounts for the remaining 8% (Fig. 2). In October, the SIA loss associated with late advance®*°
also contributes to 34% of SIV changes, whereas the remaining 66% can still be attributed to SIT. Hence, the SIV
trends differ among PMW and PIOMAS most likely due to SIT differences, which we now further investigate.

Ice thickness changes are readily observable when organized into thickness categories (Fig. 2g). As expected,
both PMW and PIOMAS feature significant amounts of ice thicker than 3 m during the 1990s (blueish curves,
Fig. 2g) that is much less prevalent in the 2010s (reddish curves, Fig. 2g). However, we now see that the PMW-
PIOMAS broad consistency does not hold as much in thickness space. In PMW, consistently with thicker ice,
the thick ice peak is more developed than in PIOMAS. Also, the shape of the SIT distribution differs among the
two sources: in PMW it is multimodal (with two to four peaks depending on the years) whereas in PIOMAS it
has only two modal values. Thinning is also distributed differently across thickness categories. In PMW), thick
ice drastically decreases in prevalence whereas thin ice becomes more likely, with no change in modal thickness
(2.1 m), suggesting a replacement of thick ice by thin ice. In PIOMAS, next to the loss of the thickest ice, the
whole distribution sweeps towards thinner ice, including a decrease in modal thickness.

Understanding the PMW-PIOMAS SIT differences benefits from splitting the SIT distribution over sea-
sonal and perennial ice (Methods, and Fig. 2, panels h and i), which emphasizes issues for the latter ice type, in
particular. Perennial, or multi-year ice, refers to sea ice that survives summer melt. In the Arctic, perennial ice
tends to be thicker than younger seasonal ice, and has experienced significant losses over the past few decades.
Perennial and seasonal ice can be identified on a yearly basis by analyzing the seasonal cycle of SIC, typically by
counting the number of ice-free months* or above a threshold as used here (Methods). We applied this diag-
nostic approach to PMW and PIOMAS records, utilizing PMW SIC records (Methods) and find that perennial
ice is, on average, 89 cm thicker in PMW compared to PIOMAS. This discrepancy is greater than for the mean
(53 cm) or for seasonal ice thickness (40 cm).

What are the consequences of SIT differences on SIV changes? Said differently, how can SIV trends be rela-
tively close despite SIT differences? To address this question, we decomposed SIV into seasonal (S) and perennial
(P) contributions (SIV = SIAg - SITs + SIAp - SITp) and analyze the contributions of area and thickness changes
for each ice type (Table 3). In this framework, PMW and PIOMAS agree on the sign and relative importance of
the SIV terms. Arctic SIV loss is dominated by perennial ice shrinking, with contributions from seasonal and
perennial ice thinning.

The most important contribution to the difference in trend between PMW and PIOMAS SIV is, as expected,
the loss of perennial ice volume due to shrinkage, which is 65 km?/yr greater in PMW than in PIOMAS. The
perennial ice is thicker in PMW, so the loss of the same area of perennial ice (the same perennial ice shrinking

PMW trend (- 1) [km®/yr] PIOMAS trend (- 1) [km®/yr] PMW-PIOMAS trend difference [km?/yr] PMW vs PIOMAS?
Oct 319+ 35 302 +21 17 (5 %) 0.92
Nov 314+ 33 284+ 19 30 (10 %) 0.92
Dec 321436 267 +19 54 (18 %) 0.93
Jan 318+35 255+ 19 63 (22 %) 0.91
Feb 309 + 36 250 + 16 59 (21 %) 0.86
Mar 291 + 27 236+ 15 55 (21 %) 0.94
Oct-Mar 312+ 33 (11 %) 266 + 17 (6%) 46 (17 %) 0.91

Table 2. Statistics of PMW and PIOMAS SIV time series. Trends + uncertainties are given for each month
between October and March. 7%is obtained from a linear fit between monthly mean PMW and PIOMAS SIV
time series.
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ds% - SITg Seasonal ice SIAg - d%‘- Seasonal ds—j‘?ﬁ - SITp Perennial ice | SIAp - "s—gl’- Perennial ice
Product area change [km*/yr/yr] icethinning [km®/yr/yr] area change (km*/yr/yr] | thinning [km?®/yr/yr] X terms [km®/yr/yr] d%ltz [km®/yr/yr]
PMW 42 -59 —-225 - 67 -309 =312
PIOMAS 31 -70 -159 - 64 —263 — 266
PMW-PIOMAS 11 (17%) 11 (33%) - 65 (15%) -3 (4%) —46 (17%) —46 (17%)

Table 3. Decomposition of Oct-Mar SIV budget (1992-2020) into four seasonal and perennial ice shrinking
and thinning contributions. Because of temporal averaging errors, the sum of terms is not rigorously identical
to dSIV/dt.

rate dSIAp/dt has been applied) has a greater impact in PMW than in PIOMAS. We note that 65 km?/yr is
greater than the total trend difference between PMW and PIOMAS SIV. This is due to compensations, reducing
the latter by about half. Firstly, seasonal ice thinning is less intense in PMW than in PIOMAS; secondly, the
increase in SIV due to seasonal ice expansion is greater in PMW because seasonal ice is thicker in PMW than
in PIOMAS. We also note that the SIC threshold used to delineate perennial and seasonal sea ice influences the
budget decomposition, but not the PMW-PIOMAS differences.

The evolution of the SIT distribution over the years is also different in the two datasets. In PIOMAS, the
changes in SIT are rather gradual, whereas PMW reveals a sharper transition (from the blueish to the reddish
curves in Fig. 2i) around the year 2007, a well-documented minimum in Arctic sea ice extent*!. In the Central
Arctic region (Supplementary Information, Fig. S1), this rapid transition is particularly remarkable. Such abrupt
change in SIT around 2007 has been reported in the Fram Strait from the 30-yr-long upward-looking-sonar
record, which argues in favor of a regime shift'®. One can speculate that PIOMAS, because it is a reanalysis
product, is less capable of capturing abrupt mechanisms behind this regime shift.

PIOMAS better captures mean thickness, PMW better retrieves variations

PMW and PIOMAS provide different SIT and SIV estimates. Can either be considered more reliable? To address
this, PMW and PIOMAS SIT were colocated in time and space with available in situ SIT measurements, from
Upward Looking Sonar (ULS) onboard submarines®.

In situ data do not distinctly favor either PIOMAS or PMW SIT as more realistic; PIOMAS better captures
the mean SIT, while PMW better captures SIT variability. Indeed, over the three common periods of availability
analyzed, PIOMAS tends to miss both the thinnest and thickest ice, whereas PMW shows occurrences of both,
consistent with observations, but tends to produce thicker ice than observed (Supplementary Information,
Fig. $2). More broadly, PMW appears to produce a more realistic multi-modal SIT distribution, consistent with
various in situ sources, including airborne electromagnetic induction sounding surveys*»**, under-ice upward
looking-sonar records'®, and satellite-borne altimetry**. These findings are in line with previous evaluation
exercises'>'*, The assimilation in the PIOMAS reanalysis acts as a restoring term which could contribute to
reduce the SIT variance in this dataset.

The origin of SIT biases in PMW and PIOMAS differs. In PMW, issues primarily stem from the availability of
training data, with limited incorporation of data resembling the very thick ice conditions observed in the 1990s™.
In this context, PMW can be considered reliable for ice <2 m, where the training dataset is providing enough data,
but more uncertain for thicker ice, particularly for the oldest years in the record, where higher SIT are observed.

In PIOMAS, SIT biases arise from issues in model physics, forcing or assimilated data. As for PMW, the thin-
nest ice is the most likely to be well reproduced by the model, as sea ice thermodynamic processes have been
studied for a long time***>*$, and are rather well reproduced in large-scale sea ice models*. By comparison, the
simulated ice drift and deformation are more uncertain*® and can have a large influence on sea ice via residence
type and ridging'>*, posing more complex challenges than thermodynamics. Hence, significant SIT uncertain-
ties may stem from model ice dynamics, particularly rheology® and ridging schemes®!, which remain subjects
of long-standing debate and active research in the sea ice modelling community®*~*.

In this line of thought, it is complicated to designate PIOMAS reanalysis or the PMW estimates as more real-
istic: only a few in situ data are available, and both sources have different and time-dependent issues. The origin
of these problems is different, and in both cases, thick sea ice is more affected than thin ice.

Sea ice volume inter-annual variability is in phase between PMW and PIOMAS
A final objective of our analysis is to examine how consistent PMW and PIOMAS are in terms of inter-annual
SIV variability. Inter-annual SIV variations superimpose upon long-term trends in both products and Fig. 3
indicates many common features in the PMW and PIOMAS detrended anomalies (Supplementary Information,
Fig. S3 also shows time series of year-to-year anomalies for each of the investigated months). Notably, PMW
and PIOMAS generally agree on which years on record have high or low SIV; as evidenced by an r? value of 0.55
for detrended anomalies. The decomposition of SIV detrended anomalies into the contributions of the SIT and
the SIC (Methods and Supplementary Information, Fig. S4) show that the SIT anomalies provide the dominant
contribution to PMW and PIOMAS SIV anomalies, around six times higher than the absolute contribution
from SIC anomalies for PMW (and five times for PIOMAS), similar from previous observations®. Inter-annual
variations are also remarkably consistent in space (Supplementary Information, Fig. S5).

Inter-annual SIV variations are nonetheless larger in PMW than in PIOMAS: year-to-year relative differences
in SIV are 1.9 times higher in PMW than in PIOMAS, and the standard deviation of detrended SIV anomalies
is 2.7 times higher for PMW (Table 1). Yet both sources concur that variability in SIV is relatively higher than
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Figure 3. Detrended Sea Ice Volume Anomalies from PMW and PIOMAS. The maps show the detrended Sea
Ice Thickness anomaly fields from PMW for every winter (Oct-Mar) in the period.

for SIA: the standard deviation of detrended October to March SIV anomalies is 8% of mean SIV for PMW and
6% for PIOMAS, which is 3-4 times larger than comparable values for SIA (< 2%). Both also agree on highest
inter-annual variability occurring early in the ice season: year-to-year variations are almost three times larger in
October than in March, for both PIOMAS and PMW (Supplementary Information, Fig. S3).

The anomaly time series emphasizes several events which occurred during the last decades that are also seen
on Fig. 1. The early winter anomaly in polar winter 2006-2007 has already been documented from submarine
measurements'’, and it is associated to a low sea ice extent*'. PMW and PIOMAS also feature the strong SIV
increase in 2014, after a low melting in 2013, as measured with CryoSat-2%. The replenishment of multiyear sea
ice in 2013 and 2014, north of Greenland and the Canadian Archipelago® on the spatial fields of detrended SIT
anomalies is confirmed for both PMW and PIOMAS (maps in Fig. 3 and in Supplementary Information, Fig. S6).

The analysis of individual years perhaps shows a limit of the PMW record. Indeed, the highest absolute PMW
SIV anomaly of 4000 km?® which occurs during winter 1996-1997 is 3000 km?® higher than PIOMAS anomaly.
In any case, this year seems outside the possible range of SIV, with a replenishment of nearly 6000 km?® between
October 1996 and October 1997. PIOMAS also sees a positive anomaly but about half as large. Therefore, part of
the anomaly might be realistic and related to the strong ENSO (EI Nifio Southern Oscillation) event that occurred
around 1997°%%, as sea ice was reported to have been affected by the ENSO event**¢!.

Discussion and Conclusion

We present the first consistent multi-decadal (1992-2020) satellite-based time series of winter pan-Arctic SIT
and SIV, covering up to 87.6 °N. These time series are derived from inter-calibrated SSM/I- SSMIS, using an
algorithm trained on a cold season of Arctic lidar altimetry-derived SIT. We compare the new PMW SIT retrieval
dataset with PIOMAS, a reference SIT product, based on an ice-ocean model forced by atmospheric reanalyses
and assimilating PMW sea ice concentration™.

Despite relatively large mean state SIV differences (4.6 x 10° km?®, 37%), we find many commonalities in the
way the PMW SIT dataset and PIOMAS represent Arctic SIV and its changes. The PMW and PIOMAS linear SIV
trends are 0.27 — 0.31 x 10° km®/yr, only differing by 46 km?/yr (17%) on average. Inter-annual SIV variations
are consistently phased, and represent 7-11% of the mean. Finally, both products indicate the preferential loss
of thick ice, and largest SIT trends in October.

These differences in volume and mean trends between the two datasets are substantially lower than current
uncertainty estimates. 4.6 x 10> km? is larger than the 1.35 x 10° km® estimated for PIOMAS'?, but much smaller
than the inter-model SIV spread from model-based reanalyses (> 10 x 10° km?"®) retained in the IPCC last
assessment®. Furthermore, the PMW-PIOMAS SIV trend differences (30 km?/yr) are less than 3 times smaller
than uncertainties evaluated for PIOMAS (100 km®/yr,'?) thus an order of magnitude lower than inter-model
spread found among reanalysis systems (526 km*/yr,'*). That high and low SIV years are consistent between
PIOMAS and PMW can also be seen as positive, as it is not the case for reanalysis systems".

Such comparatively low PMW-PIOMAS differences in SIV mean and trends stem from consistent represen-
tation of key SIV contributors in the two products, namely seasonal and perennial ice coverages, seasonal ice
thickness, and the fact that both products also capture the thickness contrast between relatively thin seasonal and
relatively thick perennial ice. However, perennial ice thickness differences (89 cm on average) remain the largest
uncertainty source, both for mean SIV and SIV trends. This higher uncertainty in SIT can be due to the lack of
high SIT in the training database for the PMW retrieval, as well as to the more complex physics of perennial ice in

Scientific Reports |

(2024) 14:21000 | https://doi.org/10.1038/s41598-024-70136-9 nature portfolio



www.nature.com/scientificreports/

models for PIOMAS. In contrast, we argue that as seasonal sea ice is thin, its thickness can be retrieved from data
with increased confidence®, and PIOMAS faithfully analyzed the well-known seasonal thermodynamic growth.

It is also noteworthy that key features of the long-term SIV changes found in both PMW and PIOMAS are
physically consistent. That thick ice is preferentially lost stems from basic sea ice thermodynamics®. The reduced
SIV trend over the last decade has been explained as a consequence of negative feedbacks provided by increased
growth and reduced SIV export due to sea ice thinning®. Largest trends in beginning of winter can be seen as
a consequence of later advance®*.

Based on the above arguments, we first defend that Arctic SIV uncertainties are not as high as the spread in
Arctic sea ice model reanalyses suggests. This considered, SIV uncertainties are probably overestimated in sea
ice model reanalysis, in particular when including simulations with no use of data assimilation. By contrast,
PIOMAS and PMW could be considered as more reliable references, although neither PMW nor PIOMAS should
be considered as absolute truth. PMW suffers from an identified thick bias for oldest perennial ice on record,
whereas PIOMAS is known to underestimate SIT variance. Second, we argue that the analysis presented in this
paper shows that long-term PMW time series includes useful SIT information. Therefore, the incorporation of
these PMW SIT and SIV retrievals into model simulations could benefit to Arctic sea ice reanalyses (such as
PIOMAS) or seasonal predictions®, as the spatial and temporal coverage of the PMW product is well suited for
the assimilation®.

Improving our understanding of long-term changes in Arctic sea ice thickness and volume could benefit from
PMW contribution. Overall and despite its limitation, our PMW record can provide important progress on the
understanding of SIT and SIV pan-Arctic changes, particularly over the long time scales analyzed here that are
not available from other satellite-based observations. Next to the essential improvement of altimetry-based SIT
products, more research should be conducted to explore the potential of PMW for SIT and SIV. As the PMW
SIT skill is not fully expected from physical principles®, the indirect links between the PMW and the SIT should
be investigated (e.g., ice salinity, microstructure in the volume, surface roughness). It could be worth acquiring
PMW observations at intermediate scales (between satellite and ix situ) in order to understand the effects of pres-
sure ridges or rubble fields on PMW signals, which are currently difficult to envision. The Copernicus Microwave
Imaging Radiometer (CIMR®) and the Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL®),
both planned to be launched at the end of the 2020s, are primarily designed to observe the polar regions in
support of the Integrated European Policy for the Arctic. CIMR will provide passive microwave observations,
with unprecedented accuracy and spatial resolution (5 km at 18 and 36 GHz used in this study). Exploiting the
synergies between CIMR and CRISTAL passive and active microwave observations is strongly encouraged, for
an improved quantification of the sea ice thickness and volume changes in the future.

Methods

Data

The SSM/I and SSMIS passive microwave observations

The Special Sensor Microwave / Imagers (SSM/I) and the Special Sensor Microwave Imager Sounder (SSMIS)
sensors, on board the USA Defense Meteorological Satellite Program (DMSP) span more than 30 years of passive
microwave observations, with almost global coverage of the Arctic (up to 87.6° N). These instruments acquire
brightness temperatures at different microwave frequencies, including the 18 and 36 GHz that are used here to
calculate the SIT, and then the SIV. The change from the SSM/I series to the SSMIS corresponds to a significant
modification of the instrument, with the addition of sounding channels as well as different observation strate-
gies. The observations from the multiple instruments over time have been carefully intercalibrated so they can
be used for climate applications®. The corresponding datasets used in this study (from the satellites F11, F13,
F14, F15, F16, F17 and F18) are available from the Climate Satellite Application Facility at EUMETSAT. The
brightness temperatures have been gridded on an equal area grid at 12.5 km resolution, the same as the grid
used by the OSI-SAF for the SIC®.

PIOMAS

The Pan-Arctic Ice-Ocean Modelling and Assimilation System (PIOMAS) combines a coupled sea-ice-ocean with
observations using data assimilation. Satellite-derived Sea Ice Concentration (from passive microwaves) as well
as Sea Surface Temperature (from infrared) are assimilated into PIOMAS, to provide an alternative approach to
estimate regional trends in volume™. It has been designed to estimate Sea ice Thickness and then Sea Ice Volume
(among other climate variables) since the beginning of sea ice satellite observations. Here, we use the 2.1 version
of the PIOMAS" from 1992 to 2020. PIOMAS is formulated in a generalized orthogonal curvilinear coordinate
(GOCC) system and is here projected on the Northern EASE-Grid 2.0 at 12.5 km resolution for better compari-
son with the other datasets used in this study.

In situ measurements

The sea ice thickness climate data record (sea ice CDR) of in situ observations of ice draft and thickness”’ inte-
grates measurements from submarine Upward Looking Sonar (ULS) from U.S. submarines’'. Only segments
acquired between October and March, up to 87.6° N are kept.

A total of 3 months are providing temporally and spatially collocated in situ measurements, i.e. October 1996
and 2000, and November 2005. All of them have been acquired in the Central Arctic. Data from the ULS have
been reprojected on the Northern EASE-Grid 2.0 at 12.5 km resolution and averaged on the same temporal
window for better comparison with the PMW and PIOMAS data.
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Sea Ice thickness product from passive microwave radiometers

Sea Ice Thickness is retrieved from brightness temperatures acquired by the SSM/I and SSMIS passive microwave
radiometers. The methodology has been described in detail®!, here we summarize the theoretical basis of the
algorithm. The algorithm uses the statistical relationships observed between passive microwave observations and
SIT to train a Neural Network (NN) to reproduce ICESat-2 SIT from brightness temperatures at 18 and 36 GHz.
The NN has been trained on the polar winter 2018-2019 where it showed good performance when compared
to the CryoSat-2 satellite retrieval and the Operation Ice Bridge airborne measurements®'. NNs have already
been widely used in satellite remote sensing for the retrieval of numerous geophysical parameters, including sea
ice variables®*’>73, We adopted a classic NN architecture called Multi Layered Perceptron (MLP)”* to establish
the non-linear relationship between the observed brightness temperatures and SIT. This MLP architecture is
appropriate to approximate multivariate non-linear relationships’~’, and is being applied to build the statistical
model reproducing the mapping between brightness temperatures and SIT. The ICESat-2 SIT is expected to be
independent of passive microwave observations® and is retrieved from a different frequency domain (visible
versus microwave)’®.

Sea lce volume

The SIV represents the spatial integration of the SIT field over the area dA of each grid cell. Here we integrated
the SIT over the Sea Ice Area (SIA), defined as the area where the Sea Ice Concentration (SIC) is> 15 %, taking
into account the SIC for each location:

SIV = Z SIT - SIC dA
SIA

The SIC is provided from EUMETSAT Ocean and Sea Ice Satellite Application Facility (OSI SAF)®. The EASE Grid
2.0 at 12.5 km of resolution being an equal area grid, each cell represents the same area, here 12.5 km x 12.5 km.

(1)

Seasonal and perennial sea ice

The SIC is also used to discriminate between seasonal and perennial sea ice: pixels with SIC greater than 80%
year-round are considered as perennial ice. This simple yet efficient method does not rely on some other products
than SIC also estimated from PMW brightness temperatures, but does not take into account the drift of sea ice
over the year.

SIV anomalies
SIV anomalies, SIV’, are obtained from the time series of pan-Arctic SIV by removing the 1992-2020 trend for
each month. The SIV anomalies can also be decomposed as follows™:

SIV' = > (SIC' - SIT + SIC - SIT' + SIC' - SIT') dA
SIA

)

where primes represent the anomalies of SIC and SIT, bars represent the untrended climatology, and A represent
the area.

Data availibility
The datasets generated during and/or analysed during the current study are available from the corresponding
author on reasonable request.

Received: 5 May 2024; Accepted: 13 August 2024
Published online: 09 September 2024

References

1. Notz, D. K. & Stroeve, J. Observed Arctic sea-ice loss directly follows anthropogenic CO, emission. Science 354, 747-750 (2016).

2. Kim, Y.-H., Min, S.-K,, Gillett, N. P,, Notz, D. & Malinina, E. Observationally-constrained projections of an ice-free Arctic even
under a low emission scenario. Nat. Commun. 14, 3139. https://doi.org/10.1038/s41467-023-38511-8 (2023).

3. Masson-Delmotte, V., et al. Global Warming of 1.5°C: IPCC Special Report on Impacts of Global Warming of 1.5°C above Pre-
industrial Levels in Context of Strengthening Response to Climate Change, Sustainable Development, and Efforts to Eradicate Poverty
(Cambridge University Press, 2022).

4. Cavalieri, D. J., Gloersen, P. & Campbell, W. J. Determination of sea ice parameters with the NIMBUS 7 SMMR. J. Geophys. Res.
Atmos. 89, 5355-5369. https://doi.org/10.1029/JD089iD04p05355 (1984).

5. Comiso, J. C. Characteristics of arctic winter sea ice from satellite multispectral microwave observations. J. Geophys. Res. Oceans
91, 975-994. https://doi.org/10.1029/JC091iCO1p00975 (1986).

6. Lavergne, T. et al. Version 2 of the EUMETSAT OSI SAF and ESA CCI sea-ice concentration climate data records. Cryosphere 13,
49-78. https://doi.org/10.5194/tc-13-49-2019 (2019).

7. Meredith, M. P, et al. Polar Regions. In IPCC Special Report on the Ocean and Cryosphere in a Changing Climate [H.-O. Portner,
D.C. Roberts, V. MassonDelmotte, P. Zhai, M. Tignor, E. Poloczanska, K. Mintenbeck, A. Alegria, M. Nicolai, A. Okem, J. Petzold,
B. Rama, N.M. Weyer (eds.)], 203-320 (Cambridge University Press, 2019).

8. Fox-Kemper, B., et al. Ocean, cryosphere, and sea level change. In Masson-Delmotte, V. et al. (eds.) Climate Change 2021: The
Physical Science Basis. Contribution of Working Group I to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change (Cambridge University Press, 2021).

9. Parkinson, C. L. & DiGirolamo, N. E. Sea ice extents continue to set new records: Arctic, antarctic, and global results. Remote Sens.
Environ. 267, 112753. https://doi.org/10.1016/j.rse.2021.112753 (2021).

10. Lindsay, R. & Schweiger, A. Arctic sea ice thickness loss determined using subsurface, aircraft, and satellite observations. Cryosphere
9, 269-283. https://doi.org/10.5194/tc-9-269-2015 (2015).

Scientific Reports |

(2024) 14:21000 https://doi.org/10.1038/s41598-024-70136-9 nature portfolio


https://doi.org/10.1038/s41467-023-38511-8
https://doi.org/10.1029/JD089iD04p05355
https://doi.org/10.1029/JC091iC01p00975
https://doi.org/10.5194/tc-13-49-2019
https://doi.org/10.1016/j.rse.2021.112753
https://doi.org/10.5194/tc-9-269-2015

www.nature.com/scientificreports/

11. Kwok, R. Arctic sea ice thickness, volume, and multiyear ice coverage: Losses and coupled variability (1958-2018). Environ. Res.
Lett. 13, 105005. https://doi.org/10.1088/1748-9326/aae3ec (2018).

12. Schweiger, A. et al. Uncertainty in modeled arctic sea ice volume. J. Geophys. Res. Oceans 116, https://doi.org/10.1029/2011JC0070
84 (2011).

13. Chevallier, M. et al. Intercomparison of the Arctic sea ice cover in global ocean-sea ice reanalyses from the ORA-IP project. Clim.
Dyn. 49, 1107-1136. https://doi.org/10.1007/500382-016-2985-y (2017).

14. Schweiger, A. J., Wood, K. R. & Zhang, J. Arctic sea ice volume variability over 1901-2010: A model-based reconstruction. J. Clim.
32, 4731-4752. https://doi.org/10.1175/JCLI-D-19-0008.1 (2019).

15. Sumata, H., de Steur, L., Divine, D. V,, Granskog, M. A. & Gerland, S. Regime shift in arctic ocean sea ice thickness. Nature 615,
443-449. https://doi.org/10.1038/s41586-022-05686-x (2023).

16. Bunzel, F, Notz, D. & Pedersen, L. T. Retrievals of arctic sea-ice volume and its trend significantly affected by interannual snow
variability. Geophys. Res. Lett. 45, 11751-11759. https://doi.org/10.1029/2018 GL078867 (2018).

17. Massonnet, . et al. Arctic sea-ice change tied to its mean state through thermodynamic processes. Nat. Clim. Chang. 8, 599-603.
https://doi.org/10.1038/s41558-018-0204-z (2018).

18. Wensnahan, M. & Rothrock, D. A. Sea-ice draft from submarine-based sonar: Establishing a consistent record from analog and
digitally recorded data. Geophys. Res. Lett. 32, 10 (2005).

19. Rothrock, D. A., Percival, D. B. & Wensnahan, M. The decline in Arctic sea-ice thickness: Seperating the spatial, annual and
interannual variability in a quarter century of submarine datasets. /. Geophys. Res. 113, 210. https://doi.org/10.1029/2007]C0042
52 (2008).

20. Haas, C. et al. Ice and snow thickness variability and change in the high arctic ocean observed by in situ measurements. Geophys.
Res. Lett. 44, 10462-10469. https://doi.org/10.1002/2017GL075434 (2017).

21. Renner, A. H. H. et al. Evidence of Arctic sea ice thinning from direct observations. Geophys. Res. Lett. 41, 5029-5036. https://doi.
0rg/10.1002/2014GL060369 (2014).

22. Laxon, S. W. et al. CryoSat-2 estimates of arctic sea ice thickness and volume. Geophys. Res. Lett. 5, 732-737. https://doi.org/10.
1002/grl.50193 (2013).

23. Petty, A. A, Kurtz, N. T., Kwok, R., Markus, T. & Neumann, T. A. Winter arctic sea ice thickness from ICESat-2 freeboards. J.
Geophys. Res. Oceanshttps://doi.org/10.1029/2019JC015764 (2020).

24. Zygmuntowska, M., Rampal, P, Ivanova, N. & Smedsrud, L. H. Uncertainties in arctic sea ice thickness and volume: New estimates
and implications for trends. Cryosphere 8, 705-720. https://doi.org/10.5194/tc-8-705-2014 (2014).

25. Ricker, R. et al. A weekly Arctic sea-ice thickness data record from merged CryoSat-2 and SMOS satellite data. Cryosphere 11,
1607-1623. https://doi.org/10.5194/tc-11-1607-2017 (2017).

26. Tilling, R. L., Ridout, A. & Shepherd, A. Estimating Arctic sea ice thickness and volume using CryoSat-2 radar altimeter data. Adv.
Space Res. 62, 1203-1225. https://doi.org/10.1016/j.asr.2017.10.051 (2018).

27. Kaleschke, L. et al. A sea-ice thickness retrieval model for 1.4 GHz radiometry and application to airborne measurements over
low salinity sea-ice. The Cryosphere 4, 583-592. https://doi.org/10.5194/tc-4-583-2010 (2010).

28. Kaleschke, L., Tian-Kunze, X., Maaf3, N., Mikynen, M. & Drusch, M. Sea ice thickness retrieval from SMOS brightness temperatures
during the arctic freeze-up period. Geophys. Res. Lett. 39, 630. https://doi.org/10.1029/2012GL050916 (2012).

29. Tian-Kunze, X. et al. SMOS-derived thin sea ice thickness: Algorithm baseline, product specifications and initial verification.
Cryosphere 8,997-1018. https://doi.org/10.5194/tc-8-997-2014 (2014).

30. Ricker, R., Girard-Ardhuin, E, Krumpen, T. & Lique, C. Satellite-derived sea ice export and its impact on Arctic ice mass balance.
Cryosphere 12, 3017-3032. https://doi.org/10.5194/tc-12-3017-2018 (2018).

31. Soriot, C., Prigent, C., Jimenez, C. & Frappart, F. Arctic sea ice thickness estimation from passive microwave satellite observations
between 1.4 and 36 GHz. Earth Space Sci. 10, 145. https://doi.org/10.1029/2022EA002542 (2023).

32. Chi, J. & Kim, H.-C. Retrieval of daily sea ice thickness from AMSR2 passive microwave data using ensemble convolutional neural
networks. GIScience Remote Sens. 58, 812-830. https://doi.org/10.1080/15481603.2021.1943213 (2021).

33. Lee, S.-M., Meier, W. N, Sohn, B.-J., Shi, H. & Gasiewski, A. J. Estimation of arctic basin-scale sea ice thickness from satellite
passive microwave measurements. IEEE Trans. Geosci. Remote Sens. 59, 5841-5850. https://doi.org/10.1109/TGRS.2020.3026949
(2021).

34. Fennig, K., Schroder, M., Andersson, A. & Hollmann, R. A fundamental climate data record of SMMR, SSM/i, and SSMIS bright-
ness temperatures. Earth Syst. Sci. Data 12, 647-681. https://doi.org/10.5194/essd-12-647-2020 (2020).

35. Zhang, J. & Rothrock, D. A. Modeling global sea ice with a thickness and enthalpy distribution model in generalized curvilinear
coordinates. Mon. Weather Rev. 131, 845-861 (2003).

36. Ivanova, N. et al. Inter-comparison and evaluation of sea ice algorithms: Towards further identification of challenges and optimal
approach using passive microwave observations. Cryosphere 9, 1797-1817 (2015).

37. Kacimi, S. & Kwok, R. Arctic snow depth, ice thickness, and volume from ICESat-2 and CryoSat-2: 2018-2021. Geophys. Res. Lett.
49, 523. https://doi.org/10.1029/2021GL097448 (2022).

38. Bitz, C. M. & Roe, G. A mechanism for the high rate of sea ice thinning in the arctic ocean. J. Clim. 17, 3623-3632 (2004).

39. Stroeve, J. & Notz, D. Changing state of Arctic sea ice across all seasons. Environ. Res. Lett. 13, 103001. https://doi.org/10.1088/
1748-9326/aade56 (2018).

40. Lebrun, M., Vancoppenolle, M., Madec, G. & Massonnet, F. Arctic sea-ice-free season projected to extend into autumn. Cryosphere
13, 79-96. https://doi.org/10.5194/tc-13-79-2019 (2019).

41. Stroeve, J. et al. Arctic sea ice extent plummets in 2007. EOS Trans. Am. Geophys. Union 89, 13-14. https://doi.org/10.1029/2008E
0020001 (2008).

42. Haas, C. Sea ice thickness distribution. In Sea Ice, 42-64, https://doi.org/10.1002/9781118778371.ch2 (Wiley, 2017).

43. von Albedyll, L. et al. Thermodynamic and dynamic contributions to seasonal arctic sea ice thickness distributions from airborne
observations. Elementa Sci. Anthropocene 10, 503. https://doi.org/10.1525/elementa.2021.00074 (2022).

44. Kwok, R., Kacimi, S., Webster, M. A, Kurtz, N. T. & Petty, A. A. Arctic snow depth and sea ice thickness from ICESat-2 and Cryo-
Sat-2 freeboards: A first examination. J. Geophys. Res. Oceans 125, 63. https://doi.org/10.1029/2019JC016008 (2020).

45. Maykut, G. A. & Untersteiner, N. Some results from a time-dependent thermodynamic model of sea ice. J. Geophys. Res. 76,
1550-1575 (1971).

46. Semtner, A.]. A model for the thermodynamic growth of sea ice in numerical investigations of climate. J. Phys. Oceanogr. 6, 379-389
(1976).

47. Keen, A. et al. An inter-comparison of the mass budget of the Arctic sea ice in CMIP6 models. Cryosphere 15, 951-982. https://
doi.org/10.5194/tc-15-951-2021 (2021).

48. Tandon, N. E, Kushner, P. J., Docquier, D., Wettstein, J. ]. & Li, C. Reassessing sea ice drift and its relationship to long-term arctic
sea ice loss in coupled climate models. J. Geophys. Res. Oceans 123, 4338-4359. https://doi.org/10.1029/2017]JC013697 (2018).

49. Kreyscher, M., Harder, M., Lemke, P. & Flato, G. M. Results of the sea ice model intercomparison project: Evaluation of sea ice
rheology scheme for use in climate simulations. J. Geophys. Res. 105, 11299-11320 (1999).

50. Zhang, J., Hibler, W,, Steele, M. & Rothrock, D. Arctic ice-ocean modeling with and without climate restoring. J. Phys. Oceanogr.
28, 191-217 (1998).

Scientific Reports|  (2024) 14:21000 https://doi.org/10.1038/s41598-024-70136-9 nature portfolio


https://doi.org/10.1088/1748-9326/aae3ec
https://doi.org/10.1029/2011JC007084
https://doi.org/10.1029/2011JC007084
https://doi.org/10.1007/s00382-016-2985-y
https://doi.org/10.1175/JCLI-D-19-0008.1
https://doi.org/10.1038/s41586-022-05686-x
https://doi.org/10.1029/2018GL078867
https://doi.org/10.1038/s41558-018-0204-z
https://doi.org/10.1029/2007JC004252
https://doi.org/10.1029/2007JC004252
https://doi.org/10.1002/2017GL075434
https://doi.org/10.1002/2014GL060369
https://doi.org/10.1002/2014GL060369
https://doi.org/10.1002/grl.50193
https://doi.org/10.1002/grl.50193
https://doi.org/10.1029/2019JC015764
https://doi.org/10.5194/tc-8-705-2014
https://doi.org/10.5194/tc-11-1607-2017
https://doi.org/10.1016/j.asr.2017.10.051
https://doi.org/10.5194/tc-4-583-2010
https://doi.org/10.1029/2012GL050916
https://doi.org/10.5194/tc-8-997-2014
https://doi.org/10.5194/tc-12-3017-2018
https://doi.org/10.1029/2022EA002542
https://doi.org/10.1080/15481603.2021.1943213
https://doi.org/10.1109/TGRS.2020.3026949
https://doi.org/10.5194/essd-12-647-2020
https://doi.org/10.1029/2021GL097448
https://doi.org/10.1088/1748-9326/aade56
https://doi.org/10.1088/1748-9326/aade56
https://doi.org/10.5194/tc-13-79-2019
https://doi.org/10.1029/2008EO020001
https://doi.org/10.1029/2008EO020001
https://doi.org/10.1002/9781118778371.ch2
https://doi.org/10.1525/elementa.2021.00074
https://doi.org/10.1029/2019JC016008
https://doi.org/10.5194/tc-15-951-2021
https://doi.org/10.5194/tc-15-951-2021
https://doi.org/10.1029/2017JC013697

www.nature.com/scientificreports/

51. Thorndike, A. S., Rothrock, D. A., Maykut, G. A. & Colony, R. The thickness distribution of sea ice. . Geophys. Res. 1896-1977(80),
4501-4513. https://doi.org/10.1029/JC080i033p04501 (1975).

52. Blockley, E. et al. The future of sea ice modeling: Where do we go from here? Bull. Am. Meteor. Soc. 101, E1304-E1311. https://
doi.org/10.1175/BAMS-D-20-0073.1 (2020).

53. Olason, E. et al. A new brittle rheology and numerical framework for large-scale sea-ice models. J. Adv. Model. Earth Syst. 14,
€2021. https://doi.org/10.1029/2021MS002685 (2022).

54. Roberts, A. F. et al. A variational method for sea ice ridging in earth system models. J. Adv. Model. Earth Syst. 11, 771-805. https://
doi.org/10.1029/2018MS001395 (2019).

55. Landy, J. C. et al. A year-round satellite sea-ice thickness record from CryoSat-2. Nature 609, 517-522. https://doi.org/10.1038/
541586-022-05058-5 (2022).

56. Tilling, R. L., Ridout, A., Shepherd, A. & Wingham, D. J. Increased arctic sea ice volume after anomalously low melting in 2013.
Nat. Geosci. 5, 643-646. https://doi.org/10.1038/nge02489 (2015).

57. Babb, D. G. et al. The stepwise reduction of multiyear sea ice area in the arctic ocean since 1980. J. Geophys. Res. Oceans 128, 536.
https://doi.org/10.1029/2023]C020157 (2023).

58. Trenberth, K. E. El nifio southern oscillation (ENSO). In Encyclopedia of Ocean Sciences, 420-432, https://doi.org/10.1016/B978-
0-12-409548-9.04082-3 (Elsevier, 1996).

59. Wang, C., Deser, C., Yu, J.-Y., DiNezio, P. & Clement, A. El nifio and southern oscillation (ENSO): A review. In Glynn, P. W,,
Manzello, D. P. & Enochs, I. C. (eds.) Coral Reefs of the Eastern Tropical Pacific, vol. 8, 85-106, https://doi.org/10.1007/978-94-
017-7499-4_4 (Springer, 2017).

60. Clancy, R., Bitz, C. & Blanchard-Wrigglesworth, E. The influence of ENSO on arctic sea ice in large ensembles and observations.
J. Clim. 34, 9585-9604 (2021).

61. McCrystall, M. R. & Screen, J. A. Arctic winter temperature variations correlated with ENSO are dependent on coincidental sea
ice changes. Geophys. Res. Lett. 48, 520. https://doi.org/10.1029/2020GL091519 (2021).

62. Fox-Kemper, B. et al. Ocean, Cryosphere and Sea Level Change. In Climate Change 2021 - The Physical Science Basis: Working
Group I Contribution to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change, 1211-1362, https://doi.
0rg/10.1017/9781009157896.011 (Cambridge University Press, Cambridge, 2023).

63. Zhang, J. Recent slowdown in the decline of arctic sea ice volume under increasingly warm atmospheric and oceanic conditions.
Geophys. Res. Lett. 48, €2021GL094780 (2021).

64. Blockley, E. W. & Peterson, K. A. Improving met office seasonal predictions of arctic sea ice using assimilation of cryosat-2 thick-
ness. Cryosphere 12, 3419-3438 (2018).

65. de Rosnay, P. et al. Coupled data assimilation at ecmwf: Current status, challenges and future developments. Q. J. R. Meteorol. Soc.
148, 2672-2702 (2022).

66. Spreen, G. & Kern, S. Methods of satellite remote sensing of sea ice. Sea ice 239-260 (2017).

67. Donlon, C. CIMR Mission Requirements Document v3 | cimr.eu. Tech. Rep. 4 (2020).

68. Kern, M. et al. The Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL) high-priority candidate mission. Cryosphere
14, 2235-2251. https://doi.org/10.5194/tc-14-2235-2020 (2020).

69. Incremental but significant improvements for earth-gridded data sets. Brodzik, M. J., Billingsley, B., Haran, T., Raup, B. & Savoie,
M. H. EASE-grid 2.0. ISPRS Int. ]. Geo-Inf.1, 32-45. https://doi.org/10.3390/ijgi1010032 (2012).

70. Lindsay, R. New unified sea ice thickness climate data record. EOS Trans. Am. Geophys. Union 91, 405-406 (2010).

71. Tucker, W. B. III., Weatherly, ]. W., Eppler, D. T, Farmer, L. D. & Bentley, D. L. Evidence for rapid thinning of sea ice in the western
arctic ocean at the end of the 1980s. Geophys. Res. Lett. 28, 2851-2854 (2001).

72. Rosel, A., Kaleschke, L. & Birnbaum, G. Melt ponds on arctic sea ice determined from MODIS satellite data using an artificial
neural network. Cryosphere 6, 431-446. https://doi.org/10.5194/tc-6-431-2012 (2012).

73. Braakmann-Folgmann, A. & Donlon, C. Estimating snow depth on arctic sea ice using satellite microwave radiometry and a neural
network. Cryosphere 13, 2421-2438. https://doi.org/10.5194/tc-13-2421-2019 (2019).

74. Rumelhart, D. E., Hinton, G. E. & Williams, R. J. Learning internal representations by error propagation (1985).

75. Krasnopolsky, V. M. Neural network emulations for complex multidimensional geophysical mappings: Applications of neural
network techniques to atmospheric and oceanic satellite retrievals and numerical modeling. Rev. Geophys. 45, 52. https://doi.org/
10.1029/2006RG000200 (2007).

76. Cybenko, G. Approximation by superpositions of a sigmoidal function. Math. Control Sig. Syst. 2, 303-314. https://doi.org/10.
1007/BF02551274 (1989).

77. Aires, E, Chédin, A., Scott, N. A. & Rossow, W. B. A regularized neural net approach for retrieval of atmospheric and surface
temperatures with the IASI instrument. J. Appl. Meteorol. Climatol. 41, 144-159 (2002).

78. Abdalati, W. et al. The ICESat-2 laser altimetry mission. Proc. IEEE 98, 735-751. https://doi.org/10.1109/JPROC.2009.2034765
(2010).

Acknowledgements

Clément Soriot was funded through a CNES and Estellus doctoral fellowship and his postdoctoral fellowship
additionally funded under the Canada C150 Chair program (Grant Number 50296). The work has been partly
supported by the CNES TOSCA contract CIMR_SEAICE (4500069758).

Author contributions

C.S. and C.P. conceived the research, C.J. produced the long term PMW dataset, C.S. and M.V. analyzed the data
and performed research, C.S., M.V. and C.P. wrote the manuscript. C.S., M.V., C.P. and C.]. contributed to data
analysis and discussion. All authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-70136-9.

Correspondence and requests for materials should be addressed to C.S.

Reprints and permissions information is available at www.nature.com/reprints.

Scientific Reports |

(2024) 14:21000 https://doi.org/10.1038/s41598-024-70136-9 nature portfolio


https://doi.org/10.1029/JC080i033p04501
https://doi.org/10.1175/BAMS-D-20-0073.1
https://doi.org/10.1175/BAMS-D-20-0073.1
https://doi.org/10.1029/2021MS002685
https://doi.org/10.1029/2018MS001395
https://doi.org/10.1029/2018MS001395
https://doi.org/10.1038/s41586-022-05058-5
https://doi.org/10.1038/s41586-022-05058-5
https://doi.org/10.1038/ngeo2489
https://doi.org/10.1029/2023JC020157
https://doi.org/10.1016/B978-0-12-409548-9.04082-3
https://doi.org/10.1016/B978-0-12-409548-9.04082-3
https://doi.org/10.1007/978-94-017-7499-4_4
https://doi.org/10.1007/978-94-017-7499-4_4
https://doi.org/10.1029/2020GL091519
https://doi.org/10.1017/9781009157896.011
https://doi.org/10.1017/9781009157896.011
https://doi.org/10.5194/tc-14-2235-2020
https://doi.org/10.3390/ijgi1010032
https://doi.org/10.5194/tc-6-431-2012
https://doi.org/10.5194/tc-13-2421-2019
https://doi.org/10.1029/2006RG000200
https://doi.org/10.1029/2006RG000200
https://doi.org/10.1007/BF02551274
https://doi.org/10.1007/BF02551274
https://doi.org/10.1109/JPROC.2009.2034765
https://doi.org/10.1038/s41598-024-70136-9
https://doi.org/10.1038/s41598-024-70136-9
www.nature.com/reprints

www.nature.com/scientificreports/

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024, corrected publication 2024

Scientific Reports|  (2024) 14:21000 https://doi.org/10.1038/s41598-024-70136-9 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Winter arctic sea ice volume decline: uncertainties reduced using passive microwave-based sea ice thickness
	Results
	PMW and PIOMAS similarly depict Arctic sea ice thinning and volume loss
	PMW and PIOMAS agree on the key impact of perennial ice loss on SIV trends, not on how much
	PIOMAS better captures mean thickness, PMW better retrieves variations
	Sea ice volume inter-annual variability is in phase between PMW and PIOMAS

	Discussion and Conclusion
	Methods
	Data
	The SSMI and SSMIS passive microwave observations
	PIOMAS

	In situ measurements
	Sea Ice thickness product from passive microwave radiometers
	Sea Ice volume
	Seasonal and perennial sea ice
	SIV anomalies

	References
	Acknowledgements


