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Abstract. Satellite measurements indicate that the Barents
and Kara Seas have experienced some of the most signifi-
cant sea ice declines and increases in sea surface tempera-
ture in the Arctic. Understanding the processes driving these
changes is of utmost importance to assess the implications of
climate change in the Arctic and globally. Given the observa-
tional limitations in these high-latitude areas, coupled mod-
els and reanalysis products play a key role. However, it is
essential to determine how reliably these products represent
the observed sea ice decline and mixed-layer warming. Mod-
els are often evaluated on a pan-Arctic scale, but the model
skill might differ when considering sub-regions. This study
examines two coupled regional climate models (HIRHAM–
NAOSIM 2.2 and RASM), two regional ocean reanalyses
(RARE 1.15.2 and TOPAZ 4B), one global ocean reanalysis
(ORAS5), and OSI SAF satellite observations over the period
1991–2020. We focus on spring (March–May) and autumn
(August–October) sea ice area and sea ice concentration, the
edge of the sea ice, and the temperature of the mixed layer.
We also examine correlations between sea ice and mixed-
layer temperature anomalies and five climate indices to as-
sess how the datasets respond to large-scale climate variabil-
ity. The results show a statistically significant decrease in sea
ice area and sea ice concentration in the satellite measure-
ments and in all reanalyses. However, HIRHAM–NAOSIM
shows only a near-significant decline in the Barents Sea,
RASM shows no long-term change, and none of the two
models shows a significant trend in the Kara Sea. Addition-
ally, the reanalyses show a more pronounced warming of the

mixed layer than the coupled models, particularly in autumn
and in the Kara Sea. ORAS5 and TOPAZ agree most closely
with the observed sea ice, partly because assimilated obser-
vations constrain their historical states, whereas RARE re-
produces the decreasing trends but overestimates sea ice and
shows anomalous mixed-layer temperature behaviour in the
Barents Sea. The reanalyses also represent the relationships
with the climate indices more consistently than the coupled
models, particularly for the Atlantic Multidecadal Oscillation
and the Northern Hemisphere ocean heat content. Among
the coupled models, HIRHAM–NAOSIM represents changes
in the Barents Sea better than RASM, but in the Kara Sea,
where none of the models captures the decreasing trends,
RASM has a more realistic mean sea-ice state. Although the
coupled models reproduce interannual variability, the results
indicate that in particular the effects of large-scale changes
of the ocean circulation are not realistically reproduced in
the coupled models.

1 Introduction

The Arctic sea ice is an important part of the Arctic Ocean
and the global climate system, as it influences ocean circula-
tion and atmospheric processes by regulating the exchanges
of moisture, momentum, and heat between the ocean and at-
mosphere. The reduction of sea ice has been linked to feed-
back mechanisms (Goosse et al., 2018), leading to Arctic
Amplification (Stroeve and Notz, 2018). The two marginal
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seas that have experienced the largest sea ice decline and
surface warming in the Arctic are the Barents and Kara Seas
(Årthun et al., 2012; Lind et al., 2018; Onarheim et al., 2018)
(Fig. 1). The observed warming trends in this region, along
with increased salinity and altered vertical fluxes that lead
to reduced stratification, have been associated with intensi-
fied Atlantic Water (AW) inflow to the Arctic and with lo-
cal and regional feedback processes, affecting both physical
and ecological systems (Asbjørnsen et al., 2020; Ingvaldsen
et al., 2021). These observed changes characterise the region
as a warming hotspot (Lind et al., 2018) and as a mediator
of climate change between the North Atlantic and the central
Arctic basins (Smedsrud et al., 2013).

The Barents and Kara Seas are shallow marginal seas
of the Arctic Ocean located north of Norway and Siberia.
The Barents Sea is connected to the Nordic Seas and re-
ceives warm Atlantic Water through the Barents Sea Opening
(BSO). In contrast, the Kara Sea is rather isolated from the
adjacent seas, with Novaya Zemlya in the west as a barrier
to the Barents Sea, with inflow through the Barents Sea Exit
(BSX) to the north and the shallow and narrow Kara Gate
to the south. The mean annual freshwater inflow to the Kara
Sea relative to its area is the largest in the world due to the
inflow from the Ob, Yenisei, and other large rivers, affect-
ing its stratification and circulation patterns. These seas play
distinct roles in the Arctic system – for instance, the role of
the Barents Sea as a key gateway between the North Atlantic
and the Arctic Ocean (Skagseth et al., 2008; Smedsrud et al.,
2013). This has a disproportionately large influence on the
Kara Sea landfast ice and on the halocline stability of the
Eurasian Basin and beyond, as noted by Liu et al. (2025).

Several studies have looked into the sea-ice variability
in the Barents and/or Kara Seas and the processes behind
it (e.g., Duan et al., 2019a; Kumar et al., 2021; Li et al.,
2022; Shabanov et al., 2024; Chatterjee et al., 2024; Dörr
et al., 2024). Warm Atlantic waters flow into the Barents Sea
through the BSO, are progressively modified and lose heat
to the atmosphere. Part of this modified water subsequently
exits the Barents Sea through the BSX toward the Kara Sea,
while Barents Sea waters also enter the Kara Sea through the
Kara Gate. Shabanov et al. (2024) found that the strongest
trends in Kara Sea ice conditions occur near pathways of
Atlantic-water inflow, highlighting the role of Atlantifica-
tion in the observed sea-ice decline. Several studies have also
linked variability in Atlantic heat transport through the BSO
to interannual variability in Barents Sea sea ice (e.g., Årthun
et al., 2012; Wang et al., 2019). While this oceanic inflow
can enhance sea-ice melt and contribute to Atlantification,
atmospheric forcing also plays an important role in sea-ice
variability, with air temperature, winds, and radiative fluxes
exerting strong control, and can also influence sea ice indi-
rectly by modulating ocean heat transport into the Barents
Sea (Duan et al., 2019a; Wang et al., 2019). Recent work
provides further evidence that the ocean can be a dominant
driver of interannual sea-ice variability in parts of the region.

Dörr et al. (2024), for example, found that ocean heat trans-
port dominates in the central and northeastern Barents Sea,
whereas atmospheric drivers are more important in the north-
ern Barents and Kara Sea. Overall, the atmosphere, ocean,
and sea ice form a tightly coupled system, and internal feed-
backs make it difficult to attribute observed variability to any
single driver (Duan et al., 2019a; Chatterjee et al., 2024).

Although the Barents and Kara Seas are often studied as a
single Barents–Kara region (e.g. Li et al., 2022; Dörr et al.,
2024), these marginal seas differ substantially in terms of cir-
culation, stratification, and seasonal sea ice cycle. The Bar-
ents Sea is ice-covered in the northern parts in the winter
and can become nearly ice-free across the region in summer,
whereas the colder Kara Sea is typically fully ice-covered in
winter and becomes largely ice-free in summer (Duan et al.,
2019a, b). Observed sea ice decline has also been more pro-
nounced in the Barents Sea than in the Kara Sea (Kumar
et al., 2021). These differences motivate us to consider the
two regions separately.

Advances in the observing and modelling capacities in re-
cent decades have provided tools to widen our understand-
ing of the polar regions. Observations, reanalysis products,
and models are complementary tools used to better under-
stand the Arctic climate system, the processes behind recent
changes, and its possible future evolution. Nevertheless, ex-
isting data products and models present both advantages and
disadvantages. Ocean reanalyses combine models and obser-
vations via data assimilation; these products give an estimate
of the ocean and sea ice (Balmaseda et al., 2015) and are
important for studying processes that are only partly or indi-
rectly observed, as well as for initialising and forcing models,
but they often struggle in data-sparse regions (Storto et al.,
2019). Global Earth system models provide a representation
of the whole Earth’s climate and possible pathways for the
future. However, the resolution of these models is usually too
coarse to simulate all interactions and feedback between the
components. Docquier et al. (2020) showed that a horizontal
resolution of 1°, which is common for the global models, is
not sufficient to correctly simulate the ocean currents enter-
ing the Arctic through the Barents Sea. Furthermore, they
highlight the need for a high horizontal resolution to cor-
rectly represent the Arctic sea ice in the models. Coupled
regional ocean–atmosphere models offer the ability to bet-
ter resolve regional processes and the associated feedbacks,
in comparison to their global counterparts, due to their finer
resolution. These models also offer the ability to respond to
real-world changes in the large-scale atmospheric circulation
by quasi-observed lateral boundary conditions from reanaly-
sis data.

This paper evaluates several reanalysis products and re-
gional climate models and focuses on assessing their skill
in representing observed sea ice and mixed layer tempera-
ture in the Barents and Kara Seas. The associated biases and
trends in each of these products and models are used to evalu-
ate their strengths and weaknesses. This allows us to provide
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Figure 1. Barents and Kara Seas bathymetry, International Hydrographic Organization domains (darker lines; International Hydrographic Or-
ganization and Sieger, 2012), and regions with data available in all models (lighter lines), which are used for area-averaged comparisons.
BSO stands for Barents Sea opening and BSX for Barents Sea exit. Bathymetric data from GEBCO Bathymetric Compilation Group (2026).

concrete guidance to users on the appropriate use of such
products and models for different purposes. Understanding
the performance of reanalysis and models in these regions
is crucial due to their role as hotspots in the current Arctic
climate change.

2 Reanalysis and regional model data

In this study, we evaluate sea ice variability and mixed layer
temperature from two coupled regional atmosphere–ocean
models, HIRHAM–NAOSIM (Dorn et al., 2019) and RASM
(Cassano et al., 2017; Seefeldt et al., 2024), and two re-
gional ocean reanalyses, TOPAZ version 4b (Xie et al., 2017;
EU Copernicus Marine Service Information (CMEMS),
2024) and RARE version 1.15.2 (Carton and Chepurin,
2023). The regional products were selected to represent dif-
ferent model components, configurations, and approaches to
data assimilation. In particular, the coupled models allow air–
sea interactions to evolve within the model system, while the
ocean reanalyses are forced by atmospheric reanalysis and
observations. The two ocean reanalyses also differ in their
treatment of sea ice observations: TOPAZ assimilates satel-
lite sea ice concentration (SIC) observations, whereas RARE
does not (Sect. 2.2). We use EUMESAT Ocean and Sea
Ice Satellite Application Facility (OSI SAF) SIC data, OSI-
450-a (EUMETSAT, 2022), as a comparison point for the
sea ice model and reanalysis data. Additionally, we use the
global reanalysis ORAS5 (Zuo et al., 2019), a global bench-
mark known for its good performance (Zuo et al., 2019).
ORAS5 is also the source for the ocean boundary condi-
tions in HIRHAM–NAOSIM. ORAS5 is evaluated together
with the other reanalyses for the sea ice variables, but is used

as the comparison point for the mixed layer (ML) tempera-
ture evaluations. The datasets are described below and sum-
marised in Table 1.

2.1 Coupled regional models

HIRHAM–NAOSIM is a coupled regional atmosphere–
ocean–sea ice model applied over a circum-Arctic domain
using rotated latitude–longitude grids with a horizontal reso-
lution of 1/4° (∼ 27km) and 40 vertical layers in the atmo-
sphere component HIRHAM and 1/12° (∼ 9km) and 50 ver-
tical layers in the ocean–sea ice component NAOSIM. De-
tailed information on the model components and their cou-
pling is given by Dorn et al. (2019), and information on the
current model version 2.2, particularly regarding recently in-
troduced reparametrizations, is given by Aue et al. (2023)
in their supplementary material. The simulation used for the
present study was run for the period 1979–2021, with the
first part of the simulation disregarded to let the model find
its own steady state. The analysis was therefore restricted
to the period 1991–2020. It is driven by ERA5 reanalysis
data (Hersbach et al., 2020) at HIRHAM’s lateral boundaries
and at HIRHAM’s lower and NAOSIM’s upper boundaries,
which are not covered by the domain of the other model com-
ponent. For NAOSIM’s open lateral boundaries in the North
Atlantic, ORAS5 reanalysis data were used.

The Regional Arctic System Model (RASM) is a fully
coupled atmosphere–land-ocean-sea ice model. It uses the
Weather Research and Forecasting (WRF; Powers et al.,
2017) version 3.71 for atmosphere, a regionally configured
version of Parallel Ocean Program (POP; Smith et al., 2010)
version 2.1 for the ocean and the Los Alamos National Lab-
oratory Sea Ice Model CICE version 6 (Hunke et al., 2018)
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Table 1. Datasets used in this study.

Data source Data type Resolution Depth levels/ Period used Ocean/sea ice
(Ocean and sea ice) levels≤ 600m models

OSI SAF Satellite Observation 25 km – 1991–2020 –
ORAS Global Reanalysis 0.25° 75/41 1991–2018 NEMO/LIM2
TOPAZ Regional Reanalysis 12.5 km 40/26 1991–2020 HYCOM/CICE based
RARE Regional Reanalysis 0.1° 75/21 1991–2020 GFDL MOM5/SIS1
HIRHAM–NAOSIM Regional Model 1/12° (∼ 9km) 50/31 1991–2020 NAOSIM
RASM Regional Model 1/12° (∼ 9km) 45/20 1991–2020 POP/CICE

for sea ice. Additionally, it uses the Variable Infiltration Ca-
pacity (VIC) land hydrology model and the streamflow rout-
ing (RVIC; Hamman et al., 2017) model for transporting the
freshwater flux from the land to the ocean. The ocean and sea
ice have a resolution of 1/12° (∼ 9km) on a rotated grid with
45 vertical levels for the ocean and 5 thickness categories for
sea ice.

2.2 Ocean reanalysis

The Arctic Ocean physical reanalysis TOPAZ 4B (hereafter
TOPAZ) is a regional ocean reanalysis for the polar region
north of 50° N (Xie et al., 2017). It uses the Hybrid Coordi-
nate Ocean Model version 2.2 (HYCOM; Chassignet et al.,
2003), and a single-category version of CICE 3 for sea ice
(Xie and Bertino, 2025). ERA5 data is used as atmospheric
forcing. The model uses the deterministic ensemble Kalman
filter (DEnKF) to assimilate multiple ocean and sea ice ob-
servations simultaneously (Xie et al., 2023), such as SIC and
drift from OSI SAF, gridded sea surface temperature (SST)
from OSTIA, and in situ temperature and salinity profiles
from the CORA database. Additionally, sea ice thickness for
the winter months from CS2SMOS and sea surface salin-
ity based on the SMOS satellite are assimilated after 2010.
For river runoff, the reanalysis uses a climatology based on
ECMWF reanalysis and the TRIP hydrological model (Xie
and Bertino, 2025). The data are provided at a standard po-
lar stereographic grid with 12.5 km resolution and 40 depth
levels.

The Regional Arctic Reanalysis RARE 1.15.2 (hereafter
RARE) is a regional reanalysis with a southern boundary
at 44.7° N (Carton and Chepurin, 2023). It uses the GFDL
MOM5/SIS1 numerical model and ERA5 as surface forcing.
The model assimilates World Ocean Database (WOD) hydro-
graphic profiles as well as satellite and in situ SST profiles
(Carton and Chepurin, 2023). Sea ice thickness estimates of
the Pan-Arctic Ice Ocean Modeling and Assimilation Sys-
tem 2.1 (PIOMAS; Zhang and Rothrock, 2003) are used to
constrain sea ice using a net surface heat flux relaxation term
with a 30 d time scale. Areas with thicker sea ice compared
to PIOMAS receive more surface heat flux, and thinner ar-
eas receive less (Carton and Chepurin, 2023). The continen-
tal discharge is based on a dataset combined from the World

Meteorological Organisation Global Runoff Data Centre es-
timates and discharge estimates from R-ArcticNET and the
Arctic Great Rivers Observatory; gaps in the dataset are filled
with climatological monthly estimates. The dataset is pro-
vided on a regular 0.1° Mercator grid with 75 depth levels.

Ocean Reanalysis System 5 (ORAS5, hereafter ORAS) is
a global eddy-permitting ocean-sea ice ensemble reanalysis
system by ECMWF. The resolution is 0.25°, and it has 75
vertical levels. ORAS is produced with the OCEAN5 system
(Zuo et al., 2019), which uses NEMO V3.4 coupled to the
LIM2 sea-ice model and the NEMOVAR ocean assimilation
system. Data assimilated include in-situ T/S profiles from
EN4 (Gouretski and Reseghetti, 2010), and SST and SIC
through HadISST2 + OSTIA (Donlon et al., 2012), which
is based on satellite observations. The atmospheric forcing
comes from ERA-Interim from 1979–2014 and re-processed
observations.

3 Methods

In this study, we primarily analyse monthly and seasonal
means and trends of sea ice characteristics and ocean ML
temperature, focusing on the spring (March, April, May) and
autumn (August, September, October) seasons. These sea-
sons are chosen because April and September are usually
the months of maximum and minimum sea ice in the Bar-
ents Sea, respectively (e.g. Gerland et al., 2023). Monthly
multiyear climatologies for each dataset are used to calcu-
late monthly anomalies within the datasets. The climatolo-
gies and corresponding anomalies are calculated using the
full available period for each reanalysis and model (see Ta-
ble 1). The study focuses, therefore, on the period between
1991–2020, with the exception of ORAS, for which the avail-
able 28 year period (1991–2018) is used. Sensitivity analyses
were performed using the shorter period from 1991–2018 for
all reanalyses and models, without major changes to the con-
clusions (not shown).

Given that the regional models and reanalysis products
used in this study have different grids, a bilinear interpola-
tion was used to regrid all datasets. The equal-area 12.5 km
EASE2 grid was used for this purpose. Additionally, only

Ocean Sci., 22, 3537–3566, 2026 https://doi.org/10.5194/os-22-3537-2026



C. Äijälä et al.: Evaluation of sea ice variability in the Barents and Kara Seas in 1991–2020 3541

grid cells with data in all models were used for calculations
of area averages (see Fig. 1).

3.1 Sea ice variables

For sea ice, the analysed variables are SIC, sea ice area (SIA),
defined as the sum of grid-cell area multiplied by the SIC
for all cells with SIC> 15%, and Integrated Ice Edge Error
(IIEE), defined as the area where the model or reanalysis and
OSI SAF satellite observations disagree on the ice concen-
tration being above or below 15 %. The IIEE is calculated
following Goessling et al. (2016):

IIEE=O +U (1)

with

O =

∫
A

max(cm− co,0)dA (2)

and

U =

∫
A

max(co− cm,0)dA , (3)

whereO and U stand for over- and underestimation, A is the
area of either the Barents or Kara Seas (see Fig. 1), c = 1
where the sea-ice concentration is greater than 15 % and c =
0 elsewhere. The subscript m denotes the model or reanalysis
data, and the subscript o denotes the satellite observations.

3.2 Ocean variables

For the ocean, we focus on the mean temperature of the ML.
The depth of the ML is calculated for each month using the
density anomaly (σ ) criterion, as the depth at which the den-
sity difference to the surface (5 m) is equal to 0.03 kgm−3,
following the method of Sallée et al. (2006, 2013). Density
at 5 m depth is used as the surface because it is the uppermost
depth available in all models. The monthly mean temperature
for each grid cell is calculated from the surface to the depth
of the ML. The monthly mean temperature for each region
is then calculated by taking the area-weighted mean of each
grid cell.

3.3 Climate indexes

In addition to the sea ice and ML temperature datasets, five
climate indices are used to analyse potential drivers of sea
ice variability and identify inter-product differences.The in-
dices are: North Atlantic Oscillation (NAO; Barnston and
Livezey, 1987), Atlantic Multidecadal Oscillation (AMO;
van Oldenborgh et al., 2009), Pacific Decadal Oscillation
(PDO; Newman et al., 2016), East Atlantic/ Western Russia
teleconnection (EA/WR; NOAA CPC, 2012), and the North-
ern Hemisphere Ocean Heat Content (0–700 m) (NH OHC;
NOAA NODC, 2026). We used the AMO and PDO versions

based on NOAA Extended Reconstructed SST V5 (ERSST
v5; Huang et al., 2017). A correlation analysis between these
indices and SIC and ML temperature is presented here.

3.4 Statistical analysis

Trends are calculated using a linear least-squares regression.
The statistical significance of the trends is assessed using
the p value for the null hypothesis that the regression slope
equals zero. Trends are considered significant at the p < 0.05
level. The significance of the differences between satellite-
observed SIA or SIC and models/reanalyses, presented in
Sect. 4.3, as well as differences between ORAS and other
dataset ML temperatures, are calculated using a Student’s
t test. The Pearson’s correlation coefficient (PCC), r , is used
to quantify the correlation between the sea-ice area and ML
temperature in Sect. 4.4, as well as the correlation between
climate indexes and sea ice and ML temperatures with:

r =

∑
i(xi − x)(yi − y)√∑

i(xi − x)
2
∑
i(yi − y)

2
, (4)

where x is the mean of vector xi , and y is the mean of vector
yi . The Fishers z test is used, with a threshold of p < 0.05,
to determine if differences between the correlations are sig-
nificant:

Z =
z1− z2

SE
, (5)

where z1 and z2 are calculated from r using the Fisher’s
transformation

zn =
1
2

ln
(

1+ rn
1− rn

)
with n ∈ {1,2} . (6)

The standard error SE in (5) is given by

SE=

√
1

N1− 3
+

1
N2− 3

, (7)

whereN1 andN2 represent the sample sizes of datasets 1 and
2, respectively.

4 Results and discussion

4.1 Sea ice area

The mean and trend of the SIA for the seasons with maxi-
mum (spring) and minimum (autumn) sea ice are shown in
Table 2. Figure 2 shows the difference between the mean
SIA of each month and the monthly area climatology of each
dataset.

4.1.1 Barents Sea sea ice area

In the Barents Sea, the satellite observations from OSI
SAF indicate a mean SIA of 412 000 km2 in spring and

https://doi.org/10.5194/os-22-3537-2026 Ocean Sci., 22, 3537–3566, 2026



3542 C. Äijälä et al.: Evaluation of sea ice variability in the Barents and Kara Seas in 1991–2020

Figure 2. SIA anomaly (SIAa) in each dataset for the Barents (left) and Kara Sea (right). Spring and autumn seasons are marked with dark
grey boxes. The anomaly is calculated by taking the difference from the monthly multiyear mean for each month.

Table 2. Spring and autumn mean SIA [thousand km2], decadal SIA trend [thousand km2 decade−1], and p value for Barents and Kara Seas.
The values are calculated using the time periods shown in Table 1. Mean values are bold when the yearly seasonal means differ significantly
from OSI SAF (t test, p < 0.05). Trends and p values are bold when the given p < 0.05 (least-squares regression). The full areas used for
the comparisions are 1 255 000 km2 for the Barents Sea and 682 000 km2 for the Kara Sea (Fig. 1).

Barents Sea Kara Sea

Spring Autumn Spring Autumn

Model Mean Trend p value Mean Trend p value Mean Trend p value Mean Trend p value

OSI SAF 412 −99.2 0.000 29 −23.3 0.000 634 −16.1 0.003 110 −84.6 0.000
ORAS 404 −113.6 0.000 25 −19.8 0.002 626 −16.0 0.009 98 −77.2 0.000
TOPAZ 438 −93.5 0.000 30 −24.3 0.000 653 −9.1 0.014 115 −85.7 0.000
RARE 636 −56.3 0.036 124 −72.4 0.000 677 −2.2 0.001 245 −126.0 0.000
HIRHAM– 629 −45.3 0.057 67 −21.1 0.073 634 −1.5 0.457 185 −14.8 0.463
NAOSIM
RASM 550 20.2 0.431 62 −3.9 0.612 656 1.7 0.510 151 −21.3 0.192
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29 000 km2 in autumn. According to the observations, the
SIA shows statistically significant decadal trends in both sea-
sons during the period 1991–2020 (Table 2). All reanalyses
also show a statistically significant SIA trend in both sea-
sons, while the coupled regional models do not. The monthly
SIA anomalies (SIAa) for OSI SAF (Fig. 2a) show a simi-
lar pattern for each month, indicating that a trend is present
throughout the year. In general, the SIA is larger than the
multiyear mean before 2006, while smaller SIA values in
comparison to the multiyear mean can be seen after 2005.
The drop below the climatological mean coincides with win-
ter 2005–2006, when the second-lowest April sea ice extent
in the Barents Sea to date was recorded (Fig. 2a). In 2005 and
2006, the maximum SIA of the Arctic had two consecutive
record-low years, with persistent negative anomalies in the
eastern Arctic basin (Comiso, 2006; Li et al., 2022). Regard-
ing winter extreme SIA, the minimum April extent in 2016 is
shown as dark blue between February and May. In contrast,
distinctly high winter values occurred in 1998 and 2003.

From the ocean reanalyses, ORAS underestimates the
mean area in both spring and autumn, while TOPAZ over-
estimates it. However, the differences are small and not sta-
tistically significant (Table 2). In the spring, ORAS slightly
overestimates the trend and TOPAZ slightly underestimates
the trend, while the opposite is true in the autumn. ORAS
and TOPAZ exhibit temporal variability consistent with OSI
SAF, including similar interannual and year-to-year varia-
tions (Figs. 2a, b, e and A1).

The ocean reanalysis RARE shows a temporal pattern
rather similar to OSI SAF (Fig. 2a and f), with, for exam-
ple, consistent high and low SIA years. The RARE SIA is,
however, overestimated compared to OSI SAF, especially in
the autumn (Table 2). RARE also has the largest statistically
significant decadal trend in autumn. This greater absolute ice
loss occurs from a more extensive mean ice cover. The trend
in spring, however, is smaller than that of the other ocean
reanalyses and OSI SAF. Thus, RARE reproduces the direc-
tion and broad temporal variability of the observed change,
but performs less well in representing the mean SIA and
the seasonal magnitude of the trend than the other reanaly-
ses. The closer agreement of ORAS and TOPAZ with OSI
SAF is expected as both products assimilate satellite-derived
sea-ice observations, which constrain their sea-ice state to-
ward observations, whereas RARE does not directly assim-
ilate satellite SIC. This difference likely contributes to the
better representation of mean SIA in ORAS and TOPAZ, al-
though sea-ice performance also depends on the assimilation
method, atmospheric forcing, and underlying ocean–sea-ice
model (Uotila et al., 2019; Storto et al., 2019; Zhang et al.,
2021; Xiong et al., 2025). Thus, ORAS and TOPAZ are more
suitable for reproducing the observed historical SIA, but their
closer agreement with OSI SAF does not necessarily indicate
a better representation of the physical processes governing
sea-ice variability.

From the coupled regional models, the mean HIRHAM–
NAOSIM spring SIA in the Barents Sea is overestimated
compared to OSI SAF and closer to that of RARE, and
both spring and autumn mean areas are significantly higher
than those of OSI SAF, though the SIA in autumn is only
about half that of RARE (Table 2). The linear trends for
HIRHAM–NAOSIM have p values between 0.05 and 0.1
and are thus not statistically significant. In spring, the trend
is smaller than for any reanalysis, while in autumn the trend
is close to that of OSI SAF. The negative anomalies are in
the majority during the last ten years, signifying an inter-
annual decline (Fig. 2i). In contrast to the three ocean re-
analyses and OSI SAF, HIRHAM–NAOSIM has an oscil-
lating SIA with three above-average sea ice periods sepa-
rated by periods with below-average values (Fig. 2a, b, e,
f, and i). RASM spring mean SIA is smaller than that of
RARE and HIRHAM–NAOSIM but still statistically differ-
ent from OSI SAF, while the autumn mean is close to that of
HIRHAM–NAOSIM 2). RASM shows no clear trend, only
interannual variations (Fig. 2j). The interannual variations
in the SIAa for both coupled regional models are similar to
each other and closely follow OSI SAF and the reanalyses
as well, even though they lack the trend (Figs. 2 and A1a).
This suggests that the coupled models reproduce much of the
interannual variability in the Barents Sea, but not the magni-
tude of the observed long-term decline. Of the two coupled
models, HIRHAM–NAOSIM performs better in terms of the
SIA trend, even though the trend is not statistically signif-
icant at p < 0.05, whereas RASM has a smaller mean SIA
bias. For coupled atmosphere–ocean models, it can not be
expected that the results follow observations exactly, as they
have their own atmospheric models, reducing the similarity
with the ocean reanalyses, which are (directly) forced by the
ERA atmospheric reanalysis. The coupled models represent
a possible pathway of the climate system rather than a di-
rect reproduction of observed conditions. Although coupled
regional models can be driven by quasi-observed data at the
lateral boundaries, the simulation inside the model domain
evolves freely. Consequently, small differences in the initial
state can lead to different simulation results (e.g. Rinke and
Dethloff, 2000).

4.1.2 Kara Sea sea ice area

In the Kara Sea, the spring SIA does not statistically differ
between OSI SAF, ORAS, and HIRHAM–NAOSIM, while
TOPAZ, RASM, and RARE overestimate the mean, but the
differences are small (Table 2). In autumn, the mean SIA
of ORAS and TOPAZ does not statistically differ from OSI
SAF, while RASM, HIRHAM–NAOSIM, and RARE overes-
timate the mean SIA, with the RARE mean being largest. The
differences between the datasets are small in spring because
the Kara Sea is typically almost completely ice-covered dur-
ing this season, limiting the variability of an area-based
metric and making SIA relatively insensitive to concentra-
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tion differences within the compact ice cover (Duan et al.,
2019a, b; Kumar et al., 2021). Autumn therefore provides a
more discriminating test of model performance in the Kara
Sea, because differences in melt, oceanic and atmospheric
heat input, and the timing of freeze-up are directly reflected
in the position of the ice edge and total ice area.

OSI SAF and the reanalyses show a statistically significant
decreasing trend in both seasons (Table 2). In spring, the SIA
trend is small, with the TOPAZ trend smaller than OSI SAF
and ORAS, and the RARE trend is even smaller. Although
the RARE trend is statistically significant, its magnitude is
small relative to its mean spring SIA (Table 2) and (Fig. 2c,
d, g, and h). In the autumn, however, the RARE trend is larger
than in TOPAZ, ORAS, and OSI SAF, of which TOPAZ has
the largest trend and ORAS the smallest. Similar to the Bar-
ents Sea, the large RARE trend occurs together with an over-
estimation of the mean autumn SIA, indicating that RARE
captures the direction of the observed change but not the
mean state of the SIA.

Departures from the climatological mean SIA in the
datasets are low in winter and spring (January–April), when
the Kara Sea is practically completely ice-covered, even
though some SIA anomalies can be seen during this period,
being strongest in OSI SAF and ORAS (Fig. 2c and d). The
interannual sea ice anomaly patterns in the reanalyses resem-
ble OSI SAF (Fig. 2c, d, g, and h), similarly to what was seen
in the Barents Sea. In HIRHAM–NAOSIM, SIA in the Kara
Sea is below average in 1992–1995 and decline again below
average in 2015, with a clear drop in summer and autumn
(Figs. 2k and A1b), even though no statistical linear trend
can be seen. RASM does not display any interannual sea ice
decline, and its trends are not statistically significant (Table 2
and Fig. 2l). Again, the interannual variation of the coupled
regional model resembles that of OSI SAF and the reanal-
yses, but the difference to OSI SAF is larger than for the
Barents Sea (Fig. A1b). Thus, while the coupled models re-
produce some of the observed interannual variability, neither
reproduces the long-term SIA decline in the Kara Sea.

4.2 Sea ice edge error

Given the good mean SIA agreement of ORAS and TOPAZ
with OSI SAF discussed in Sect. 4.1.1, it is not surprising
that their integrated ice edge errors (IIEE), relative to OSI
SAF, are much smaller than those of the other datasets (Ta-
ble 3). Furthermore, the monthly mean IIEEs for these prod-
ucts show only small variations (Fig. A2), both in the Bar-
ents Sea and in the Kara Sea. In the Barents Sea, TOPAZ
has a higher IIEE from January to June due to a greater un-
derestimation of the ice edge location than ORAS (Fig. A2a
and c). In the Kara Sea, the largest difference between ORAS
and TOPAZ occurs in October and November when TOPAZ
overestimates the edge while ORAS underestimates it. The
ice edge of TOPAZ tends to recede too fast in early summer
and refreeze too fast in early winter, which is most likely the

reason for this difference (Bertino and Xie, 2025). The trend
of the annual mean O–U is small for ORAS and TOPAZ
and decreases over time, indicating increasing accuracy in
their ice edge simulation (Table 3 and Fig. A2e). This is con-
sistent with the good agreement in SIA shown in Sect. 4.1.
Thus, both products perform well not only in representing
the total amount of sea ice, but also its spatial extent.

The IIEE of RASM and RARE are similar to each other,
with the maximum IIEE in the summer (June or July)
(Fig. A2a and b). RARE has a larger mean IIEE in the Bar-
ents Sea and RASM a larger one in the Kara Sea (Table 3).
The O–U is larger in RARE than in RASM for both re-
gions. The main difference between RARE and RASM is
in the O–U trend (Table 3 and Fig. A2e and f). The trend
is over 5 times larger in RASM than in RARE, because the
ice edge in RASM does not change much over the study
period (Sect. 4.3), which results in the model underestimat-
ing the ice edge at the start of the study period and signif-
icantly overestimating it at the end. Although RARE and
RASM have similar mean IIEE values, their behaviour dif-
fers substantially. RARE captures the observed decrease in
SIA (Sect. 4.1), while the larger O–U trend in RASM re-
flects its lack of a comparable long-term change.

HIRHAM–NAOSIM has the highest mean IIEE and the
highest mean O–U (Table 3). The error is largest in De-
cember in the Barents Sea and in October in the Kara Sea
(Fig. A2a and b). In the Barents Sea, the trend is smaller than
the RASM trend, but in the Kara Sea the trend is similar. The
variability from year to year in HIRHAM–NAOSIM is larger
than in the other models (Fig. A2e and f). The IIEE results
show that a realistic SIA does not necessarily imply a realis-
tic ice edge. For example, RARE reproduces the observed
SIA trends better than RASM, while HIRHAM–NAOSIM
has a smaller SIA bias than RARE but a larger ice edge error.
Evaluating both metrics therefore provides a more complete
assessment of model performance.

4.3 Sea ice concentration

The SIC difference between the analysed products and OSI
SAF is shown in Fig. 3 for the spring and autumn. The mean
SIC and the decadal trends for these two seasons are shown
in Figs. 4 and 5. The evolution of the SIC over the study
period 1991–2020, along with the differences between the
reanalysis and model products against the observed OSI SAF
concentration, is discussed in Sects. 4.3.1 and 4.3.2.

4.3.1 Spring sea ice concentration

In spring, the OSI SAF 1991–2020 mean sea ice edge (SIC=
15%) is located at, or slightly north of, the 75° N latitude un-
til about 50° E longitude, where it turns south-west toward
the southern part of the Kola Peninsula (Figs. 3n and 4a). The
boundary between the pack ice and the marginal ice zone
(MIZ) (SIC= 80%, later called the inner MIZ boundary)
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Table 3. IIEE mean and ice edge Overestimation–Underestimation (O–U ) mean, trend, and p value for Barents and Kara Sea. Means and
trends are expressed in thousand km2. Trends and p values are bold when p < 0.05, indicating a significant trend. The trends are calculated
from the time series shown in Fig. A2e and f. For the Kara Sea, only the May–December period is analyzed due to the region being fully ice
covered in the winter.

Barents January–December Kara May–December

IIEE O–U IIEE O–U

Model Mean Mean Trend p value Mean Mean Trend p value

ORAS 31 −20 5.4 0.000 29 −25 −0.5 0.821
TOPAZ 47 −23 12.5 0.000 30 −7 5.7 0.021
RARE 160 147 19.9 0.004 80 66 11.2 0.030
HIRHAM–NAOSIM 243 224 38.6 0.006 133 96 67.7 0.000
RASM 146 106 102.5 0.000 93 50 68.3 0.000

Figure 3. Mean difference between model or reanalysis and OSI SAF SIC for spring (left) and autumn (right), and mean OSI SAF concen-
tration (a, c). The difference plots (b, d–l) have been masked where the difference is not statistically significant (t test, “////” where p > 0.1
and “. . . ” where 0.05< p < 0.1). The black (white) solid contour lines show the mean ice edge (SIC= 15%), and the grey contour shows
the inner boundary of the marginal ice zone (MIZ) (SIC= 80%) for the whole time period. To represent the sea ice edge at the start and the
end of the time-series, the dash-dotted lines show the 1991–2000, and the dashed lines the mean from 2011–2020, (2011–2018 for ORAS)
for the sea ice edge and the inner MIZ boundary.
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Figure 4. Average SIC mean (left) and trend (right) of all the datasets in spring over the whole period, presented as the fraction of sea ice
cover per grid cell. The mean isolines (15 % and 80 % ice concentration) are used to distinguish the MIZ. In the trend subplots, the not
statistically significant areas have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).

goes from south-east Svalbard to the middle of the Barents
Sea Exit (BSX) at the Barents and Kara Sea border between
Novaya Zemlya and Franz Josef Land (see Fig. 1). Then
it turns south towards northern Novaya Zemlya at around
70° E. Another small area with SIC< 80% exists west of
Franz Josef Land. In the south, the inner MIZ boundary is
located on average at the Kara Gate.

During the first decade, in 1991–2000, the OSI SAF sea
ice edge is somewhat southwest and the inner MIZ bound-
ary between Svalbard and Novaya Zemlya is south of the
one described above (Fig. 3a). In 2011–2020, the largest re-
treat of the OSI SAF sea ice edge occurs east of 45° E and
is northward and eastward. The ice edge reaches Novaya
Zemlya at around 75° N and then extends from southern No-
vaya Zemlya to the southern Kola Peninsula (Fig. 3a). Dur-
ing this period, the SIC in the Barents Sea is generally below
80 %, except in some small areas in the north-east and north-
west; the inner MIZ boundary has retreated at the BSX and

the Kara Gate compared to earlier decades. Moreover, there
is now a small MIZ area north of the Yenisey Gulf.

The OSI SAF SIC shows statistically significant negative
trends for the period 1991–2020 across most of the Barents
Sea ice-covered region in spring (Fig. 4c). The negative trend
is largest north-west of Novaya Zemlya, close to the region
where the sea ice edge retreats at the end of the time series,
where the negative trend is larger than 0.2 decade−1. In the
Kara Sea, the negative OSI SAF SIC trends are smaller than
in the Barents Sea, below ±0.05decade−1 and not always
statistically significant. An exception to this is at the BSX,
Kara Gate, and north of the Yenisei Gulf, where the trends
are slightly larger, with a negative trend above 0.1 decade−1

at the BSX.
ORAS is the dataset with a SIC closest to OSI SAF, with

no large statistically significant differences in the study area
(Fig. 3b). TOPAZ overestimates SIC in the northern Barents
Sea and in the Kara Sea. This results in a narrower MIZ than
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Figure 5. Average SIC mean (left) and trend (right) of all the datasets in autumn over the whole period, presented as the fraction of sea
ice cover per grid cell. The mean isolines (15 % and 80 % ice concentration) are used to distinguish the MIZ. In the trend subplots, the not
statistically significant areas have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).

in OSI SAF and in a correspondingly extensive pack ice area
in TOPAZ in spring (Fig. 3e). The statistically significant
overestimation tends to be larger in the Northern Barents Sea
than in the Kara Sea, but is mostly less than 0.1 decade−1 ex-
cept at the northern edge of the Barents Sea and north of No-
vaya Zemlya at the BSX (Fig. 3e). TOPAZ SIC trends form
a similar spatial pattern to OSI SAF (compare Fig. 4c and g),
but with a stronger maximum negative trend west of Novaya
Zemlya. In the northernmost part of the Barents Sea, how-
ever, the TOPAZ SIC trend is not significant and is smaller
than OSI SAF and ORAS and the area with a negative trend
above 0.1 decade−1 does not extend into the Kara Sea. Over-
all, ORAS and TOPAZ reproduce the observed spring SIC
and its spatial trend pattern well, although TOPAZ overes-
timates SIC and has a narrower MIZ indicating a sharper
transition between compact ice and open water than in OSI
SAF. Although both ORAS and TOPAZ assimilate satellite-
derived sea-ice information, they employ different ocean and

sea-ice models, vertical coordinate systems, and assimilation
approaches. The opposite SIC biases therefore suggest that
differences in model physics, sea-ice thermodynamics, ice–
ocean coupling, and the implementation of assimilation are
at least as important as the assimilated observations them-
selves. This may be related to the too-rapid seasonal retreat
and early refreezing discussed in Sect. 4.2.

RARE overestimates SIC relative to OSI SAF in spring
over most of the sea ice covered area (Fig. 3f). The ice edge
and the inner MIZ boundary are too extensive, being further
south and east than the OSI SAF boundary. The RARE SIC
is more than 0.1 above OSI SAF in the southern Kara Sea,
in the Kara Sea at the BSX, and in most of the ice-covered
Barents Sea. The difference is above 0.4 south of Svalbard
and west of Novaya Zemlya. The RARE ice edge in spring
retreated eastward and northward between 1991–2000 and
2011–2020 (Fig. 3f), while the inner MIZ boundary changed
wery little. The RARE SIC has a negative trend in the Barents
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Sea south of 75° N that is mostly below 0.2 decade−1, but no
meaningful significant trend north of that or in the Kara Sea.
(Fig. 4h). Thus, RARE captures part of the observed spring
SIC decline in the southern Barents Sea, but overestimates
SIC and shows little change farther north and in the Kara Sea.
This is consistent with its SIA and ice-edge overestimations
in Sects. 4.1 and 4.2 and may partly reflect that RARE con-
strains sea ice indirectly through a PIOMAS-based surface
heat-flux relaxation rather than directly assimilating satellite
SIC (Carton and Chepurin, 2023). In addition, the PIOMAS
data used for the sea ice constraint have a coarser spatial res-
olution than the satellite observations assimilated in TOPAZ
and ORAS, which may further contribute to the larger dis-
crepancies between RARE and OSI SAF.

Similar to RARE, the RASM SIC is also significantly
overestimated for most of the region, but with an area where
the difference is not statistically significant in the middle
to northern part of the Barents Sea between 40 and 60° E
(Fig. 3j). RASM is the model with the largest concentration
differences, with even above 0.6 decade−1 differences south
of Svalbard and on the west coast of Novaya Zemlya. The sea
ice edge only retreats in a small area west of Novaya Zemlya,
and the changes to the inner MIZ boundary are small. The
SIC is statistically significant in small areas close to the in-
ner MIZ boundary in the Barents Sea, where the trend is pos-
itive, with some small regions with a positive trend above
0.1 decade−1 (Fig. 4j and l). The absence of widespread neg-
ative SIC trends despite the observed decline indicates that
RASM fails to reproduce the long-term reduction of sea ice.
This is consistent with the lack of a significant SIA trend dis-
cussed in Sect. 4.1.

The HIRHAM–NAOSIM spring SIC difference from OSI
SAF (Fig. 3i) differs from the other datasets in that it is un-
derestimated in the north and western half of the Kara Sea
and overestimated in the southeastern Kara Sea and in most
of the ice-covered Barents Sea. The ice edge is located too
far southwest compared to OSI SAF (Fig. 3a and i), while
the inner MIZ boundary does not extend east of 60° N. The
ice edge retreats, but not as much as for OSI SAF, and the
negative SIC trend is only statistically significant in small
parts of the MIZ in the Barents Sea and at the north-eastern
coast in the Kara Sea (Figs. 3i and 4k). Of the coupled mod-
els, HIRHAM–NAOSIM reproduces the observed spring SIC
decline best, but only in the Barents Sea and with significant
decreasing trends only present in parts of the MIZ. This indi-
cates that the model underestimates the spatial extent of the
ongoing sea ice retreat

4.3.2 Autumn sea ice concentration

In autumn, the OSI SAF SIC is above 15 % in the northern
part of the study area (Fig. 3c). The mean sea ice edge goes
from north of Svalbard to Franz Josef Land, from Franz Josef
Land to the middle of the BSX, then continues eastward, and
finally turns southward at around 80° E (Figs. 3c and 5a).

OSI SAF shows significant negative trends in the whole ice-
covered area (Fig. 5a). In 1991–2000, the sea ice edge goes
from Svalbard to the northern tip of Novaya Zemlya and then
from the north-east of Novaya Zemlya to the Yamal Penin-
sula. In comparison, the 2011–2020 mean sea ice edge goes
north of the Barents Sea and along the northern boundary of
the Kara Sea (Fig. 3c).

Autumn SIC of TOPAZ and ORAS do not differ signif-
icantly from OSI SAF (Fig. 3d and g), and the ORAS and
TOPAZ decadal trends are almost identical to those of OSI
SAF (Fig. 5d and g). Compared to OSI SAF, RARE overes-
timates the autumn sea ice edge and concentration, with the
largest differences in the northern part of the study region
(Fig. 3h). For autumn, RARE is the dataset with the largest
concentration overestimation. The RARE mean sea ice edge
goes from southern Svalbard to the northern tip of Novaya
Zemlya, then continuing to the Yamal Peninsula (Figs. 3h or
5i). As for OSI SAF, the RARE negative trend in SIC extends
over the sea ice covered area (Fig. 5h), but the maximum
trend is stronger and located farther south than in OSI SAF.
This can partly be explained by RARE retaining sea ice in
areas where OSI SAF, ORAS, and TOPAZ become ice-free,
leaving more ice available to decline.

The HIRHAM–NAOSIM sea ice edge in the Barents Sea
goes from southern Svalbard to northern Novaya Zemlya,
similar to RARE, but in the Kara Sea the edge is even further
south (Fig. 3k). Most of the ice covered area has an over-
estimated SIC, except in the northernmost part where the
differences compared to OSI SAF are not statistically sig-
nificant. The overestimations are, however, clearly less than
for RARE. The negative SIC trend in HIRHAM–NAOSIM
is statistically significant and above 0.05 decade−1 only in a
small region east of Svalbard (Fig. 5k).

The RASM mean autumn sea ice edge is further north
than the HIRHAM–NAOSIM and RARE sea ice edge, and
the SIC is overestimated less than in RARE but more
than in HIRHAM–NAOSIM, with overestimation above
0.2 decade−1 in the northern parts (Fig. 3l). However, the
SIC is not statistically significantly different from OSI SAF
in the eastern Kara Sea at the coast. RASM does not have any
meaningful significant trend in the SIC in autumn (Fig. 5l).
Unlike in spring, where HIRHAM–NAOSIM reproduces part
of the observed decline in the Barents Sea MIZ, neither cou-
pled model reproduces the widespread autumn SIC decline.
HIRHAM–NAOSIM performs somewhat better by showing
a small area of significant decline east of Svalbard, whereas
RASM shows no meaningful autumn trend. Together with
their overestimated SIC, this indicates that the seasonal sea
ice retreat is too weak in both models, particularly in the Kara
Sea.

4.4 Ocean temperature of the mixed layer

The mean temperature and trends of the ML are shown
in Table 4 for spring and autumn. In the Barents Sea, the
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Table 4. Spring and autumn mean ML temperature [°C], decadal trends [°Cdecade−1], and p values for Barents and Kara Seas. Calculated
for the maximum period of each dataset. Mean values are bold when the seasonal means differ significantly from ORAS5 (t test, p < 0.05,
1991–2018). Trends and p values are bold when the given p < 0.05 (least-squares regression).

Barents Sea Kara Sea

Spring Autumn Spring Autumn

Model Mean Trend p Mean Trend p Mean Trend p Mean Trend p

ORAS 0.1 0.36 0.000 4.2 0.77 0.000 −1.7 −0.00 0.295 1.4 0.95 0.000
TOPAZ 0.1 0.37 0.000 4.4 0.65 0.000 −1.6 0.01 0.001 1.6 1.05 0.000
RARE 0.6 0.24 0.042 4.3 0.48 0.001 −1.7 −0.03 0.000 1.5 1.10 0.000
HIRHAM– −0.5 0.22 0.001 3.7 0.56 0.003 −1.7 0.00 0.198 0.1 0.23 0.205
NAOSIM
RASM −0.3 −0.03 0.722 3.5 0.04 0.793 −1.8 −0.00 0.304 0.1 0.22 0.121

spring mean temperature varies from −0.5°C (HIRHAM–
NAOSIM) to 0.6 °C (RARE) between the models. RARE
is considerably warmer than ORAS and TOPAZ, while
HIRHAM–NAOSIM and RASM are colder. The mean ML
temperature in the regions stays mostly below 5 °C, except in
RARE, where some warmer waters can be seen (Fig. A3d).
For the other models, the difference in the regional mean
seems to depend more on how widespread the warmer waters
are than the difference in temperature of the warmer waters
(compare Fig. A3a, c–g, and h). In the Kara Sea, the spring
variation is smaller and the ML is close to freezing (Table 4).
In autumn, the mean ML temperature does not significantly
differ between the reanalyses in either the Barents or the Kara
Sea, while both models are significantly colder (Table 4).
The mean ML temperature stays mostly below 10 °C in the
Barents Sea, except in the south-west in RASM (Fig. A4)
and mostly below 5 °C in the Kara Sea, except in the south-
west in RASM, RARE, and TOPAZ (Fig. A4c, d, and h). The
reason why the regional mean for HIRHAM–NAOSIM and
RASM is similar, even if RASM has these warmer coastal
waters, is that many of these are outside of the compared re-
gion (Fig. 1). The colder mean mixed-layer temperatures in
the coupled models relative to the reanalyses, particularly in
autumn, are consistent with their tendency to maintain too
much sea ice (Sects. 4.1 and 4.3). A more extensive ice cover
reduces the direct exposure of the ocean to atmospheric forc-
ing and can limit seasonal ocean warming, suggesting that at
least part of the temperature bias may be linked to the sea-ice
bias rather than to ocean processes alone.

The ML temperature trend is positive and statistically sig-
nificant in the Barents Sea in both spring and autumn for
the reanalyses and for HIRHAM–NAOSIM, being stronger
in the autumn (Table 4). In spring, the warming trend in
HIRHAM–NAOSIM, ORAS, and TOPAZ is highest in the
ice-free areas or close to the ice edge (Fig. A3b, e, and
i), while in the autumn ORAS and TOPAZ have a signifi-
cant warming trend over the whole Barents Sea. The warm-
ing trend is weaker and the region of significant warming is

smaller in HIRHAM–NAOSIM and does not extend as far
north and east. In RARE, the highest spring warming coin-
cides with deeper areas (Fig. 1), where Atlantic water enters
the Barents Sea (Skagseth et al., 2008). This partly coincides
with the area of the strongest decreasing SIC trend in the
MIZ east of Novaya Zemlya (Figs. 4j and A3k). The trend in
spring at these locations is stronger than in ORAS, and the
two areas are separated by a nonsignificant cooling trend. In
autumn, RARE has two areas with a cooling trend, of which
the eastern one at the coast of Novaya Zemlya is statistically
significant. These are located close to the same areas where
there was the strong warming trend in the spring. The ML
temperature in this location is also on average warmer than
in the other reanalyses (Fig. A3d and f). Of these, the eastern
one is located west of Novaya Zemlya, in the same location
as the strong warming in spring and is statistically significant.
In autumn, RARE also shows a statistically significant deep-
ening of the ML west of Novaya Zemlya (not shown). The
contrasting spring warming and autumn cooling in this re-
gion may indicate differences in how vertical mixing and the
seasonal storage and release of ocean heat are represented in
RARE compared to the other reanalyses. The present anal-
ysis cannot isolate the respective contributions of the ocean
model, assimilation scheme, and atmospheric forcing to this
behaviour.

In the Kara Sea, the trend is small for all datasets in
spring, when the region is ice-covered (Table 4). The lim-
ited spring warming is therefore consistent with the weak
spring SIA and SIC trends, because the compact ice cover
(SIC> 80%) restricts atmosphere–ocean heat exchange and
keeps the ML temperature close to freezing. In autumn, the
trend is statistically significant in the reanalyses and close to
1 °Cdecade−1 (Table 4). The autumn ML temperature trend
is above 1 °Cdecade−1 in large areas of the Kara Sea in all
reanalyses and is stronger in the Kara Sea than in the Bar-
ents Sea. HIRHAM–NAOSIM shows no statistically signif-
icant trend in the Kara Sea where the sea ice is overesti-
mated (Sect. 4.3.2 and Fig. 5i). RASM has no widespread

https://doi.org/10.5194/os-22-3537-2026 Ocean Sci., 22, 3537–3566, 2026



3550 C. Äijälä et al.: Evaluation of sea ice variability in the Barents and Kara Seas in 1991–2020

Table 5. Pearson’s correlation coefficients between SIA and ML
temperature of Barents and Kara Sea, denoted as r , and between
the SIAa (Fig. 2) and ML temperature anomaly (MLTa) (Fig. A5),
denoted as rdiff. For rdiff, bold numbers are statistically significantly
different from ORAS rdiff using Fisher’s z test (p < 0.05), while
italic shows where Barents and Kara Sea differ from each other.

Barents Sea Kara Sea

Model r rdiff r rdiff

ORAS −0.856 −0.673 −0.901 −0.664
TOPAZ −0.885 −0.690 −0.899 −0.663
RARE −0.891 –0.793 −0.942 –0.864
HIRHAM–NAOSIM −0.902 −0.681 −0.912 –0.766
RASM −0.917 −0.631 −0.936 −0.676

statistically significant trends in either region in spring or au-
tumn, only small areas of warming in the Kara Sea and cool-
ing in the Barents Sea (Fig. A4i and j). Thus, HIRHAM–
NAOSIM reproduces the Barents Sea warming better than
RASM, but neither coupled model captures the pronounced
autumn warming in the Kara Sea. For HIRHAM–NAOSIM,
the weak Kara Sea warming coincides with its extensive sea-
ice cover, which may limit seasonal atmosphere–ocean heat
exchange. RASM, by contrast, shows weak ML temperature
trends despite a less extensive sea-ice bias, suggesting that its
lack of warming cannot be attributed to excessive ice cover
alone.

Table 5 shows the PCC calculated between SIA and ML
temperature and between the anomalies (shown in Figs. 2
and A5). The average ML temperature anomalies (MLTa)
(Fig. A5) follows similar patterns to that of the SIA (Fig. 2),
discussed in Sects. 4.1.1 and 4.1.2, though in the Kara Sea,
the year-to-year variations are only seen in summer and au-
tumn (for all models). The PCC (r) (Table 5) between the
sea ice and temperature is negative for all datasets and ranges
between −0.85 and −0.94. The PCC between the anomalies
(rdiff), where the effect of the annual variation is removed, is
also negative and ranges between −0.63 and −0.86. These
high correlations are in line with previous studies (Kumar
et al., 2021; Li et al., 2022). The consistently strong negative
correlations indicate that all datasets capture the expected
tight coupling between mixed-layer temperature and sea ice,
whereby warmer upper-ocean conditions favour sea-ice loss
and reduced ice cover enhances ocean heat uptake. RARE
seems to have a higher correlation between the anomalies
than the other datasets and is significantly higher than ORAS
in both the Barents Sea and the Kara Sea. In the Barents Sea,
only the RARE anomaly PCC (rdiff) differs significantly from
ORAS, while in the Kara Sea the difference compared to
ORAS is statistically significant for RARE and HIRHAM–
NAOSIM. The correlation coefficients between the anoma-
lies are slightly lower in the Kara Sea than in the Barents
Sea for ORAS and TOPAZ and slightly higher for the other
datasets. However, the differences are statistically significant

(Fisher’s z test, p < 0.05) only for RARE and HIRHAM–
NAOSIM. The stronger coupling in RARE may indicate that
sea-ice variability is more tightly linked to local ML temper-
ature variability than in the other products. One possible ex-
planation is that RARE constrains sea ice indirectly through
surface heat flux relaxation based on PIOMAS (Sect. 2.2;
Carton and Chepurin, 2023). This interpretation is consistent
with the product-specific spatial temperature behaviour de-
scribed above, although the present results do not identify
the mechanism responsible for the stronger correlation.

4.5 Climate index correlation

PCC of five climate indices (Sect. 3.3) to SIAa and average
MLTa were calculated for both regions to explore the tele-
connections in the data (Fig. 6). Maps for the correlation of
the climate indices per gridcell to the SIC anomaly (SICa)
and MLTa, from which the SIAa and average MLTa have
been calculated, can be found in the appendix (Figs. A6–
A10). Overall, none of the climate-index correlations differ
significantly among OSI SAF, ORAS, and TOPAZ for SIAa,
or between ORAS and TOPAZ for MLTa. This agreement
is expected given the small differences among these datasets
found in the preceding sections.

For NAO, there are no significant differences between the
datasets (Fig. 6). The positive NAO phase is characterised
by a stronger North Atlantic pressure gradient and enhanced
westerly circulation, whereas the negative phase is associated
with a weaker pressure gradient and weaker or more merid-
ional circulation (NOAA CPC, 2026). A positive NAO leads
to warm and humid westerly winds and enhanced heat trans-
port into the Barents Sea region, leading to decreasing sea
ice and a statistically significant correlation in SIAa in the
Barents Sea (Fig. 6a). The effect is, however, weaker further
away from the Atlantic in the Kara Sea, and there the SIAa
correlation is not statistically significant (Fig. 6b). The corre-
lation map (Fig. A6a, b, e, f, i, and j) shows that the negative
correlation with sea ice is significant mostly in the northern
Barents Sea, and a non-significant negative correlation ex-
tends into the northeastern Kara Sea. The rest of the Kara
Sea is positively correlated but only statistically significant
in small areas.

A positive AMO is characterised by warmer-than-average
North Atlantic sea-surface temperatures and has been linked
to subsequent temperature variability in the Barents Sea
(Seip and Wang, 2023), increasing the heat transport to the
Barents Sea. Consistent with this relationship, a positive
AMO is associated with a negative SIAa and positive MLTa
correlation for OSI SAF, ORAS, and TOPAZ, which is about
double the correlation with NAO (Fig. 6a and c). In the Kara
Sea, we see a weaker, though still significant, correlation in
the SIAa, but not in the MLTa as the effect of the Atlantic is
again weaker in the Kara Sea (Fig. 6b and d). This difference
between SIAa and average MLTa may arise because sea-ice
variability integrates the cumulative effects of atmospheric
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Figure 6. Correlation between climate indices and SIAa (a, b) and average MLTa (c, d) for the Barents and Kara Seas. Correlation values in
bold indicate that the correlation is statistically significant (p < 0.05), and the red squares indicate where the correlations are statistically dif-
ferent (Fisher’s z test, p < 0.05) from OSI SAF for SIA and ORAS for MLT. NAO: North Atlantic Oscillation; AMO: Atlantic Multidecadal
Oscillation; PDO: Pacific Decadal Oscillation; EA/WR: East Atlantic/Western Russia teleconnection; NH OHC: Northern Hemisphere Ocean
Heat Content (0–700 m).

and oceanic forcing, whereas the ML is close to freezing and
insulated from the atmosphere during the winter and spring
months by the ice cover, dampening the correlation. From
the correlation map (Fig. A7a, b, and e) one can see that the
negative correlation to SICa is highest for OSI SAF, ORAS,
and TOPAZ in the northern Barents Sea. A weaker negative
correlation appears in the Kara Sea. A notable feature is an
area of positive statistically significant correlation to SICa
in the centre of the Barents Sea in OSI SAF, ORAS, and
TOPAZ. This could be because currents and winds collects
ice here from the surrounding. For MLTa (Fig. A7d and g),
ORAS and TOPAZ have a positive correlation for most of the
area – strongest in the western Barents Sea and weakest in the
Kara Sea, where only small areas are statistically significant.
In RARE (Fig. A7f and h), the sea ice correlation is simi-
lar but weaker than in the other reanalyses. For MLTa, how-
ever, there are some areas with strong negative correlation.
These regions coincide with the anomalous ML behaviour
identified for RARE in Sect. 4.4, particularly west of No-
vaya Zemlya (Figs. A3d, f and A4d, f). The negative corre-
lations therefore appear to be associated with the anomalous
ML behaviour in RARE, although the underlying cause of

this product-specific relationship cannot be determined from
the present analysis. For HIRHAM–NAOSIM (Fig. A7i and
k), the SICa correlation looks similar to the reanalyses for
the western Barents Sea, but is positive for the eastern Bar-
ents Sea and for the Kara Sea. The same pattern, although
with opposite correlation, can be seen for the MLTa as well.
RASM correlations are generally weaker (Fig. A7j and l),
with Barents Sea SICa divided into negative correlation in
the north and positive in the south, and with Kara Sea show-
ing no large areas of statistically significant correlation.

For PDO, a warm (cold) central northern Pacific is related
to a negative (positive) PDO phase. When the central north-
ern Pacific is warm (negative PDO), warm-air advection to
the Barents and Kara Seas increases, causing a negative SIAa
and positive MLTa. This results in a positive (negative) cor-
relation for the SIAa (MLTa). The PDO correlation is oppo-
site to the AMO correlations and of approximately the same
size (Fig. 6). The correlation patterns are similar to those
for AMO too (Fig. A8), but with more spread for the SICa
correlations in the reanalyses. RARE PDO-MLTa correlation
(Fig. A8h) shows an area of positive correlation, but not as
large and strong as for the AMO. HIRHAM–NAOSIM PDO
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correlations (Fig. A8i and k) show a similar east–west di-
vide as for AMO, but the divide is more eastward, result-
ing in only PDO showing a significantly different correlation
(Fig. 6). RASM is significantly different from OSI-SAF and
ORAS for both regions (Fig. A8j and l). The correlation for
both SICa and MLTa to PDO in RASM is generally non-
significant and spatially inconsistent.

The positive (negative) EA-WR produces negative (posi-
tive) temperature anomalies over eastern Europe, including
the Ural Mountains. As a result, a positive (negative) phase
pushes more (less) continental air into the Barents and Kara
seas, leading to a generally positive EA-WR – SIA correla-
tion and negative EA-WR – MLTa correlation (Fig. 6), which
is seen in all reanalyses and in the Barents Sea also for the
coupled models. In the Kara Sea, however, neither coupled
regional model has a statistically significant correlation ei-
ther for SIAa or MLTa. From the map (Fig. A9) we see
that the correlations are weaker in the models than in the
reanalyses. HIRHAM–NAOSIM has even an opposite, non-
significant, correlation in the northeastern Barents Sea and
in most of the Kara Seas, while RASM has a non-significant
opposite correlation in the northern parts of the study area.

The NH OHC is the climate index that is most affected
by the global warming trend and which shows the strongest
correlation to both SIAa and MLTa for OSI SAF, ORAS,
TOPAZ, and RARE (Fig. 6). It is a good indicator for over-
all climate warming, as 90 % of the global warming heat
is absorbed into the ocean (IPCC, 2021). For OSI SAF,
ORAS, and TOPAZ, the correlation with SICa is negative
and strongest in the northern Barents Sea, whereas the MLTa
correlation is positive and strongest in the western Barents
Sea (Fig. A10a, b, d, e, and g). For RARE, the SICa corre-
lation is slightly weaker than for the other reanalyses, but
always negative, while in MLTa the biases in the Barents
Sea, that was mentioned before in Sect. 4.4 and for AMO
and PDO, can again be seen (Fig. A10f and h). The corre-
lations in HIRHAM–NAOSIM in the Barents Sea are in the
same direction as in the reanalyses for both SICa and MLTa,
but they are weaker and significantly different from those for
OSI SAF, ORAS, and TOPAZ (Fig. A10i and k). In the Kara
Sea, however, the HIRHAM–NAOSIM does not show a sta-
tistically significant correlation. For RASM the only region
with a wider statistically significant correlation is the south-
eastern Kara Sea, where there is a weak correlation to MLTa
(Fig. A10l).

For the coupled regional models, HIRHAM–NAOSIM
does better in the Barents Sea than RASM for both SIAa and
average MLTa correlations. In HIRHAM–NAOSIM, only the
AMO and NH OHC correlations differ significantly from
OSI SAF (or ORAS in the case of MLTa), while for RASM,
AMO, PDO, and NH OHC correlations differ significantly.
In the Kara Sea, HIRHAM–NAOSIM SICa (MLTa) correla-
tions with the climate indices differ significantly from OSI
SAF (ORAS) for all climate indices except NAO, while
RASM SICa climate-index correlations differ significantly

for the same indices but do not show the opposite AMO and
PDO correlations found in HIRHAM–NAOSIM. For MLTa,
only the NH OHC correlation differs significantly in RASM.
The differences from observations and reanalyses may partly
arise because the coupled regional models simulate interac-
tive atmosphere–ocean–sea-ice processes, whereas the ocean
reanalyses are driven by prescribed atmospheric forcing and
constrained by assimilated observations. However, the dif-
ferences between HIRHAM–NAOSIM and RASM also in-
dicate model spread arising from their different components
and configurations. The significantly different AMO and NH
OHC correlations in both coupled models suggest that the
influence of North Atlantic variability is not fully repre-
sented. This is consistent with the findings of Yamagami et al.
(2022), who showed that Gulf Stream warming contributes to
Barents–Kara sea-ice decline and that an underestimation of
this warming can lead to an underestimation of sea-ice loss.

A plausible interpretation is that biases in the representa-
tion of Atlantic-origin warming affect the ability of the cou-
pled models to reproduce the observed decline in sea ice and
increase in mixed-layer temperature. Enhanced warming in
the North Atlantic can increase heat transport through the
Nordic Seas and Barents Sea, contributing to upper-ocean
warming and sea-ice retreat in the Barents–Kara region. The
weaker mixed-layer warming trends and weaker sea-ice de-
cline seen in the coupled models are therefore consistent
with an under-representation of this mechanism. Although
the present analysis cannot determine whether the deficiency
originates from the simulation of remote North Atlantic pro-
cesses, the propagation of heat anomalies into the Arctic, or
local ocean–atmosphere–sea-ice feedbacks, the results sug-
gest that Atlantic warming signals are not transmitted to the
Barents and Kara Seas.

5 Conclusions

Coupled models and reanalyses were evaluated against OSI
SAF satellite measurements regarding their performance in
representing the sea ice in the Barents and Kara Seas. The
satellite measurements show a significant decreasing trend in
the SIA in both seas in both spring and autumn. All three
reanalyses reproduce this decline in both seasons, whereas
neither coupled regional model reproduces a statistically sig-
nificant SIA decline in the Kara Sea, and only HIRHAM–
NAOSIM shows a near-significant decline in the Barents Sea.

ORAS and TOPAZ show the closest agreement with OSI
SAF for sea-ice area, sea-ice concentration, and ice-edge
location. RARE, HIRHAM–NAOSIM, and RASM gener-
ally overestimate sea ice extent and concentration, result-
ing in larger ice-edge errors. Among the coupled models,
HIRHAM–NAOSIM reproduces aspects of the observed de-
cline better, whereas RASM shows no long-term change in
sea ice conditions. The mixed-layer temperature results are
consistent with the sea-ice analysis. The reanalyses show sig-
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nificant warming trends, particularly in autumn, whereas the
coupled models exhibit substantially weaker warming. In the
Kara Sea, significant autumn warming is only reproduced
by the reanalyses. Climate index correlations further show
that ORAS and TOPAZ reproduce the observed variables
most consistently. RARE’s problems seem to stem mostly
from the anomalous behaviour of the ML temperature dis-
cussed in Sects. 4.4 and 4.5. HIRHAM–NAOSIM gener-
ally performs better than RASM in the Barents Sea, while
both models struggle considerably with the Kara Sea, RASM
slightly less. Overall, the reanalyses, particularly ORAS and
TOPAZ, provide the most realistic representation of recent
sea-ice and mixed-layer temperature variability in the Bar-
ents and Kara Seas. The coupled regional models reproduce
some aspects of interannual variability but underestimate the
observed long-term changes, especially in the Kara Sea.

Overall, ORAS and TOPAZ perform almost equally well
in representing the observed sea ice conditions, although
ORAS performs slightly better in the spring SIC. Both prod-
ucts are therefore suitable for studies requiring a realistic rep-
resentation of recent observed climate, while it is still impor-
tant to take into account their data assimilation if SIC and
SST. RARE is also able to produce the trend seen in the satel-
lite observations, but overestimates the sea ice and shows
anomalous behaviour in the Barents Sea MLT (Sects. 4.4
and 4.5). We suggest further research and possibly mod-
elling studies into the reasons behind the seen anomalies,
whether they result from the ocean model, from the assim-
ilation scheme or from the forcing.

For applications where models and not reanalyses are
needed, which of the models we would recommend depends
on the use case and the region. These applications include the
ones analysing air–sea fluxes, which reanalyses are not able
to realistically simulate. RASM has a better mean state of the
sea ice, but for any study looking into the changes happening
in the Arctic, the total lack of a trend in the Barents Sea is
a problem. Therefore, we recommend HIRHAM–NAOSIM
over RASM in such cases for the Barents Sea. However, for
the Kara Sea, where both models lack the trend, the bet-
ter mean sea ice representation of RASM might make it
the better choice. For HIRHAM–NAOSIM, further research
could focus on looking more closely into the behaviour of
the model over the Kara Sea and also the eastern part of the
Barents Sea. Our research only looked into the first ensem-
ble member of the HIRHAM–NAOSIM model. An interest-
ing question would be whether the lack of a trend, too wide
autumn sea ice, and the opposite correlations in the climate
indices persist over all the ensemble members. If they do,
then a deeper study into the model to find the processes be-
hind the Kara Sea performance is suggested. For RASM, the
biggest problems of the model come down to the total lack of
trend in the sea ice and ML temperature. More research into
the reasons of this could considerably improve the model.
For example, the Atlantic Ocean lateral boundary tempera-
ture trends might result in sea ice and ML temperature trends

in RASM. Future studies could also account for delayed re-
sponses to large-scale climate variability through lead-lag
analysis and use methods such as multiple regression or ma-
chine learning to distinguish the combined and potentially
nonlinear effects of the different drivers. Even though the
Barents and Kara Seas cover only approximately 11 % of the
Arctic Ocean, they have contributed 30 %–40 % of the re-
cent Arctic winter sea ice loss and influence the ocean, sea
ice, and atmosphere farther downstream. Improving the rep-
resentation of these regions in coupled models is therefore
important not only for regional studies, but also for under-
standing Arctic and global climate variability and change.

https://doi.org/10.5194/os-22-3537-2026 Ocean Sci., 22, 3537–3566, 2026



3554 C. Äijälä et al.: Evaluation of sea ice variability in the Barents and Kara Seas in 1991–2020

Appendix A: Additional figures

Figure A1. Yearly mean of the monthly SIA anomalies for Barents (a) and Kara Sea (b) in each model shown in Fig. 2.

Figure A2. Integrated Ice Edge Error (IIEE) of the (a) Barents and (b) Kara Seas, as well as (c, d) Overestimation–Underestimation of the
sea ice edge, and (e, f) time series of the yearly mean Overestimation-Underestimation. For the Kara Sea, only values during May–December
are shown, as there is no ice edge during winter and spring in most years.
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Figure A3. Average of mean ML temperature (left) and trend (right) of all the datasets in spring over the whole period. In the trend subplots,
the not statistically significant area have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).
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Figure A4. Average of mean ML temperature (left) and trend (right) of all the datasets in autumn over the whole period. In the trend subplots,
the not statistically significant area have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).
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Figure A5. ML temperature anomaly in each model for the Barents (left) and Kara Sea (right). Spring and autumn seasons are marked with
dark grey boxes. The anomaly is calculated by taking the difference from the monthly multiyear mean for each month. Note the different
colour scales in the figures.
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Figure A6. Correlation between climate index NAO and SIC anomaly (left) and MLT anomaly (right). The not statistically significant area
have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).
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Figure A7. Correlation between climate index AMO and SIC anomaly (left) and MLT anomaly (right). The not statistically significant area
have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).
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Figure A8. Correlation between climate index PDO and SIC anomaly (left) and MLT anomaly (right). The not statistically significant area
have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).
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Figure A9. Correlation between climate index EA/WR and SIC anomaly (left) and MLT anomaly (right). The not statistically significant
area have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).

https://doi.org/10.5194/os-22-3537-2026 Ocean Sci., 22, 3537–3566, 2026



3562 C. Äijälä et al.: Evaluation of sea ice variability in the Barents and Kara Seas in 1991–2020

Figure A10. Correlation between climate index NH OHC and SIC anomaly (left) and MLT anomaly (right). The not statistically significant
area have been masked (“////” where p > 0.1 and “. . . ” where 0.05< p < 0.1).

Code and data availability. RARE 1.15.2 (Carton and Chepurin,
2023) data was acquired through the UMD Ocean Climate Lab
https://www2.atmos.umd.edu/~carton/index_files2/rare1.15.2_
download.html (last access: 25 March 2026). TOPAZ4b data, was
acquired from the CMEMS website https://doi.org/10.48670/moi-
00007 (EU Copernicus Marine Service Information (CMEMS),
2024). ORAS5 (Zuo et al., 2019) was aquired from the Uni-
versität Hamburg website https://www.cen.uni-hamburg.
de/icdc/data/ocean/easy-init-ocean/ecmwf-oras5.html (last
access: 8 April 2025). OSI SAF data is available at EU-
METSAT https://doi.org/10.15770/EUM_SAF_OSI_0013
(EUMETSAT, 2022). HIRHAM–NAOSIM data are avail-
able at the tape archive of the German Climate Comput-
ing Center (DKRZ) via https://hdl.handle.net/21.14106/
a6d312c42d4501e75bd9de9186b323206ff5a65b (Dorn, 2024,
dataset DKRZ_LTA_049_ds00009). RASM data was acquired
from Naval Postgraduate School, Monterey, CA, United States,

through WM. Climate index data was aquired from Royal Nether-
lands Meteorological Institute (KNMI) Code for producing plots of
this manuscript as well as a subset of the data needed for this can be
found at https://doi.org/10.5281/zenodo.22141085 (Äijälä, 2026).
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