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 2 

Abstract 25 

Arctic sea ice has substantially declined over the past four decades. Given the projected 26 

decrease under global warming, reliable prediction of summer sea ice is becoming increasingly 27 

important. Yet most climate models still show limited low skill in predicting summer sea ice 28 

from spring, a limitation commonly referred to as the spring predictability barrier. Here we 29 

develop a seasonal forecast system based on an eddy-permitting coupled model and assess how 30 

different ocean and sea ice initialization strategies affect prediction skill. Results show that the 31 

summer sea ice in the Barents-Kara Sea is predicted most skillfully when sea ice and snow 32 

conditions in the model are initialized. Sea ice initialization improves the representation of the 33 

initial sea ice thickness, the subsequent ice-albedo feedback, and the meridional sea ice 34 

advection from the higher latitudes. These findings suggest significance of sea ice thickness 35 

initialization for skillful summer prediction despite the spring predictability barrier. 36 

  37 
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1. Introduction 38 

Arctic sea ice extent (SIE; see Methods) has substantially declined over the past few decades 39 

(Cavalieri and Parkinson, 2012), although the rate of SIE decline has slowed down in the last 40 

decade (Zhang, 2015; Zhang, 2021; Wang et al., 2025). Amid global warming, Arctic SIE is 41 

expected to continue decreasing (Boé et al., 2009; Wang and Overland, 2009, 2012; Notz and 42 

Community, 2020; Jahn et al., 2024) with significant consequences on regional weather and 43 

climate (Vihma, 2014), and marine biogeochemistry and ecosystems (Lannuzel et al., 2020). 44 

Reduced sea ice cover facilitates human access to Arctic marginal seas, creating new 45 

opportunities for socioeconomic activities such as fishery (Christiansen et al., 2014), shipping 46 

(Melia et al., 2016), natural resource exploitation (Meier et al., 2014), and ecotourism (Palma 47 

et al., 2019). For commercial use, seasonal prediction of Arctic SIE during boreal summer 48 

(July-September) when the SIE reaches its annual minimum (Fig. 1a) is highly needed 49 

(Guemas et al., 2016; Holland and Hunke, 2022). 50 

 51 

 52 
Figure 1: (a) Monthly climatology of Arctic SIE (black solid line; in 106 km2) during 1982-53 

2022 from NSIDC. Shade indicates one and minus one standard deviation of Arctic SIE. (b) 54 

July-September SIC standard deviation (Stdv; color in %) in the Arctic Ocean. Yellow line 55 

corresponds to the sea ice edge with July-September SIC climatology of 15 %. Black curved 56 

box indicates the Barents-Kara Sea of interest. 57 

 58 

Arctic sea ice concentration (SIC) undergoes a large interannual variability near the sea 59 

ice edge (Fig. 1b). Atmosphere-ocean coupled model simulations demonstrate that spring ice-60 

albedo feedback plays a key role in shaping summer sea ice variability through changes in the 61 

sea ice albedo and absorption/reflection of incoming solar radiation, alongside contributions 62 
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from horizontal sea ice transport inherited from winter conditions (Bushuk et al., 2020). 63 

However, most coupled models (Bushuk et al., 2017, 2019; Bonan et al., 2019) show limited 64 

skill in predicting summer sea ice from May or June, a limitation referred to as “spring 65 

predictability barrier (Day et al., 2014a)”. This barrier is likely due to misrepresentation of the 66 

initial states, especially initial sea ice thickness (SIT; Day et al., 2014b; Guemas et al., 2016; 67 

Dirkson et al., 2017; Ono et al., 2020; Zhang et al., 2023; Song et al., 2024; Liu et al., 2025), 68 

which provides seasonal memory for SIC anomalies. Additional contributions may come from 69 

sea ice model physics (Massonnet et al., 2011) and insufficient model resolutions (Selivanova 70 

et al., 2024). None of the coupled models have adopted SIT initialization in the operational 71 

seasonal prediction (Blockley and Peterson, 2018; Batté et al., 2020; Balan-Sarojini et al., 72 

2021), due to a short SIT observation record from 2010. 73 

To overcome the spring predictability barrier, we explore the impacts of ocean and sea 74 

ice initializations on prediction skill of Arctic sea ice, using a seasonal prediction system based 75 

on the eddy-permitting coupled model SINTEX-F3 (see Methods), which has a nominal 76 

horizontal resolution of 25 km in the ocean and sea ice components. By comparing with other 77 

eddy-permitting coupled models from C3S (see Methods), we demonstrate that initializing sea 78 

ice, particularly SIT, is essential for overcoming the spring predictability barrier in the Barents-79 

Kara Sea. The prediction skills with sea ice (SIC, SIT, and snow depth) initialization are higher 80 

than those with ocean (sea surface temperature, and subsurface ocean temperature and salinity) 81 

initializations. These results underscore the significance of sea ice initialization for seasonal 82 

prediction of summer sea ice in the Barents-Kara Sea and highlight the need of long-term SIT 83 

observation in the region. 84 

 85 

2. Methods 86 

2.1. Observation data and reanalysis products 87 

 We used daily sea ice concentration (SIC) data at 25 km horizontal resolution during 88 

1982-2022 from National Snow and Ice Data Center (NSIDC), based on Nimbus-7 SMMR and 89 

DMSP SSM/I-SSMIS Passive Microwave Data Version 2 (DiGirolamo et al., 2022). We also 90 

employed monthly sea ice thickness reanalysis at 0.25º horizontal resolution from Euro-91 

Mediterranean Center on Climate Change (CMCC) Global Ocean Reanalysis Systems (C-92 

GLORS; Storto and Masina, 2016; Cipollone et al., 2023). Sea ice extent (SIE) was defined as 93 

the total surface area with the SIC greater than 15%, and sea ice area (SIA) as the sum of grid-94 

cell area multiplied by the SIC. For the ocean, we used monthly sea surface temperature (SST) 95 
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data at 0.25º horizontal resolution from National Oceanic and Atmospheric Administration 96 

(NOAA) and based on the optimal interpolation SST analysis version 2 (OISSTv2) high-97 

resolution dataset (Reynolds et al., 2007). We also utilized monthly subsurface ocean 98 

temperature and salinity objective analysis data at 1º horizontal resolution from UK’s Met 99 

Office and based on EN4 (Good et al., 2013). For the atmosphere, we analyzed monthly surface 100 

winds at 10 m, and surface heat flux at 0.25º horizontal resolution from European Center for 101 

Medium-Range Weather Forecasts (ECMWF) and based on the fifth generation ECMWF 102 

reanalysis (ERA5; Hersbach et al., 2020). All observational and reanalysis products were 103 

interpolated to a common 1ºx1º grid for comparison with the model simulations. 104 

 105 

2.2. Seasonal reforecasts based on SINTEX-F models 106 

 We adopted two atmosphere-ocean coupled models developed at Japan Agency for 107 

Marine-Earth Science and Technology (JAMSTEC) under EU-Japan collaboration. We 108 

employ the second generation of Scale Interaction Tropical Experiment-Frontier (SINTEX-F2; 109 

Masson et al., 2012; Sasaki et al., 2013) model for the eddy-parameterized coupled model. The 110 

oceanic component of SINTEX-F2 is based on the Nucleus for European Modeling of the 111 

Ocean (NEMO3.4; Madec et al., 2008) system, which comprises the Ocean Parallelise (OPA9) 112 

ocean model and the Louvain-la-Neuve sea ice model (LIM2; Fichefet and Maqueda, 1997) at 113 

a nominal horizontal resolution of 0.5º, with 31 vertical levels in the rescaled z* height 114 

coordinate. Its atmospheric component is based on the 5th version of the ECMWF and Max 115 

Planck Institute for Meteorology (MPI-M) in the Hamburg atmospheric model (ECHAM5.4; 116 

Roeckner et al., 2003). ECHAM5.4 has a horizontal resolution of T106 (approximately 125 117 

km at the equator) with 31 vertical levels of up to 1 hPa and adopts a sophisticated 118 

parameterization for cumulous convection (Nordeng et al., 1994). Surface heat flux, 119 

momentum, and freshwater for the atmosphere and ocean were exchanged every two hours 120 

with no flux correction, using the third version of the Ocean Atmosphere Sea Ice Soil coupler 121 

(OASIS3; Valcke et al., 2004). 122 

 For comparison, we used the third version of the eddy-permitting SINTEX-F 123 

(SINTEX-F3) model. Its oceanic component is based on the NEMO4.0 system (Madec et al., 124 

2019), coupled to the SI3 sea ice model (Vancoppenolle et al., 2023) at a nominal horizontal 125 

resolution of 0.25º with 75 vertical levels in the rescaled z* height coordinate. Its atmospheric 126 

component is based on the 6th version of the ECMWF and MPI-M in the Hamburg atmospheric 127 

model (ECHAM6; Giorgetta et al., 2013), which has a horizontal resolution of T255 128 

(approximately 60 km at the equator) with 95 vertical levels up to 0.01 hPa and adopts the same 129 
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parameterization for cumulous convection (Nordeng et al., 1994). The major differences 130 

between ECHAM5 and ECHAM6 involve land processes that are based on the land vegetation 131 

Jena Scheme for Biosphere Atmosphere Coupling (JSBACH; Raddatz et al., 2007), modified 132 

radiation schemes, computation of the surface albedo, and the triggering conditions required 133 

for convection. The surface heat flux, momentum, and freshwater between the atmosphere and 134 

ocean were exchanged every one hour with no flux correction using the OASIS coupler 135 

interfaced with the Model Coupling Toolkit (OASIS-MCT) coupler (Valcke et al., 2013). 136 

 We spun up both SINTEX-F2 and SINTEX-F3 for 31 years from the initial conditions 137 

under the pre-industrial radiative forcings. In SINTEX-F2, the ocean model was initialized 138 

using monthly ocean temperature and salinity climatologies in January from the Levitus dataset 139 

(Levitus, 1982) with no motion, whereas in SINTEX-F3, the ocean model was initialized using 140 

the monthly ocean temperature and salinity climatologies in January from the World Ocean 141 

Atlas 2013 dataset (WOA13; Locarnini et al., 2013; Zweng et al., 2013) with no motion. Then, 142 

we initialized the model SST using the two observed SST datasets from OISSTv2 low-143 

resolution (1º; Reynolds et al., 2002) and high-resolution (0.25º; Reynolds et al., 2007) datasets. 144 

We restored the model SST every timestep during 1982-2022 by adding the surface heat flux 145 

for the difference with the observed SST using three different nudging strengths (800, 1200, 146 

and 2400 W m-2/K). This generates six ensemble members (i.e., two SST datasets times three 147 

nudging strengths) for the SST initialization. For the SINTEX-F3, we added sea ice 148 

initialization in which the model SIC, SIT, and snow depth are restored to the sea ice reanalysis 149 

from C-GLORS on the first day of every month. This leads to six additional ensemble members 150 

for the SST and sea ice initializations. Furthermore, we added subsurface ocean temperature 151 

and salinity initialization via a three-dimensional variational data assimilation (3DVAR; Storto 152 

et al., 2018) approach in which the model temperature and salinity are assimilated to the profile 153 

data from EN4 using the incremental analysis update (IAU; Bloom et al., 1996) over the time 154 

window of the first 10 days of every month. This also produces six ensemble members for the 155 

SST, sea ice, and subsurface ocean initializations. We conducted seasonal reforecasts from 156 

May 1st of every year during the period of 1982-2022 with a lead time of one year in which 157 

the models are freely integrated. This results in six ensemble members for each of the SINTEX-158 

F2 seasonal forecasts with the SST initialization (F2-SST), the SINTEX-F3 seasonal forecasts 159 

with the SST initialization (F3-SST), the SST and sea ice initialization (F3-SI), and the SST, 160 

sea ice, and subsurface ocean initializations (F3-3DVAR). We removed model drift by 161 

calculating the differences between the observed and model climatologies and subtracted 162 

monthly climatology and linear trend using a least squares method to derive monthly anomalies. 163 
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 164 

2.3. Seasonal reforecasts based on C3S models 165 

We adopted seasonal reforecasts based on other coupled models, which are provided through 166 

the Copernicus Climate Change Service (C3S). Due to the data availability, we analyzed the 167 

seasonal reforecasts from May 1st, which are based on ACCESS-S2 (Wedd et al., 2022) from 168 

the Australian Bureau of Meteorology (BOM), CMCC-SPS4 (Sanna et al., 2025) from the 169 

Euro-Mediterranean Center on Climate Change (CMCC), GCFS2.2 (Fröhlich et al., 2020) from 170 

the German Weather Service (DWD), GEM5.2-NEMO (Diro et al., 2024) from Environment 171 

and Climate Change Canada (ECCC), SEAS5 (Stockdale, 2021) from European Center for 172 

Medium-Range Weather Forecasts (ECMWF), Météo-France System 9 (Specq et al., 2025) 173 

from Météo-France (METEOFR), GloSea6-GC3.2 (Williams et al., 2017) from UK’s Met 174 

Office (UKMO). A summary of seasonal reforecast systems is provided in Table 1. To make 175 

fair comparison with SINTEX-F models, we analyzed seasonal reforecasts based on C3S 176 

models during 1993-2016. We also removed model drift and linear trend to calculate monthly 177 

anomalies in a similar manner to SINTEX-F models. 178 

 179 

Table 1: Description of seasonal reforecast systems 180 

Name Atm-Lnd Ocn-Ice Init Period Ens Lead 

BOM 60 km, L85 25 km, L75 Atm, Lnd, Ocn 1983-2018 27 6 

CMCC 50 km, L83 25 km, L75 Atm, Lnd, Ocn 1993-2022 30 6 

DWD 100 km, L95 40 km, L40 Atm, Ocn, Ice 

(SIC) 

1993-2023 30 6 

ECCC 50 km, L85 100 km, L50 Atm, Lnd, Ocn 1993-2025 20 6 

ECMWF 40 km, L91 25 km, L75 Atm, Lnd, Ocn 1981-2025 25 6 

METEOFR 50 km, L137 25 km, L75 Atm, Lnd, Ocn 1993-2025 31 6 

UKMO 60 km, L85 25 km, L75 Atm, Lnd, Ocn 1993-2016 28 6 

SINTEX-F2 100 km, L31 100 km, L31 Ocn 1982-2023 6 12 

SINTEX-F3 60 km, L95 25 km, L75 Ocn, Ice (SIC, 

SIT, Snow) 

1982-2023 18 12 

Note: From left to right, agency/model name, horizontal and vertical resolutions for atmosphere 181 

and land surface models, horizontal and vertical resolutions for ocean and sea ice models, 182 

initialized components/variables, reforecast period, ensemble members, and prediction lead 183 

months are described, respectively. 184 

 185 
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2.4. Diagnostic variables 186 

We calculated anomaly correlation coefficients (ACCs; Murphy and Epstein, 1989) of the 187 

variables between the observation data and the model predictions. We also assess skill scores 188 

of persistence prediction based on observations by calculating anomaly correlation of the 189 

variables between the observation data for the initial and predicted months. We defined skillful 190 

predictions as the case in which the ACCs based on model prediction are statistically significant 191 

at a 95 % confidence level using Student’s t-test and exceed the ACCs based on the persistence 192 

prediction. We performed regression analysis using the standardized Barents-Kara Sea SIE 193 

index which is defined as the SIE anomalies in the Barents-Kara Sea normalized by one 194 

standard deviation (𝜎). We also calculated zonal and meridional advection of SIT by sea ice 195 

velocity in the models. Also, we calculate the zonal heat transport vertically integrated at the 196 

Barents Sea Opening (BSO; 21ºE, 70-78ºN) between Svalbard and Norway, which is 197 

considered to be a key variable for the sea ice variability in the Barents Sea (Smedsrud et al., 198 

2010; Wang et al., 2019).  199 

 200 

3. Results 201 

3.1. Predictability of summer Arctic sea ice 202 

Eddy-permitting coupled models skillfully predict summer SIC in the Arctic Ocean, in 203 

particular, in the Barents-Kara Sea. Both the C3S multi-model ensemble mean (Fig. 2a) and 204 

the SINTEX-F3 ensemble mean (Fig. 2b) exhibit significantly positive anomaly correlations 205 

(ACCs; see Methods) for the SIC in the Barents-Kara Sea. The prediction skills for the multi-206 

model ensemble mean C3S are generally higher than those for SINTEX-F3, likely due to 207 

cancellation of internal variability arising from the different model configurations. The spatial 208 

distribution of ACCs in the individual C3S models also resembles the one in SINTEX-F3 (Fig. 209 

S1), although the amplitude of ACCs differs across systems. Among the SINTEX-F model 210 

experiments (Fig. S2), F3-SI and F3-3DVAR (Fig. S2c, d) exhibit significantly high ACCs in 211 

the Barents-Kara Sea, while F2-SST and F3-SST (Fig. S2a, b) show little or no significant skill 212 

there. F3-SI performs slightly better than F3-3DVAR, suggesting that sea ice initialization 213 

plays a key role in skillful prediction of summer sea ice in the Barents-Kara Sea, while 214 

additional subsurface ocean initialization may partially degrade the benefits of sea ice 215 

initialization. Small differences between F2-SST and F3-SST also suggest that changes in 216 

model physics and resolutions alone provide limited benefits for this prediction target. 217 

 218 
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 219 
Figure 2: (a) ACC of July-September mean SIC during 1993-2016 between the observation 220 

(NSIDC) and the multi-model ensemble mean C3S. Color indicates ACCs that are statistically 221 

significant at 95 % using Student’s t-test and exceed the ACCs of the persistence prediction 222 

based on the observed SIC. Black curved box indicates the Barents-Kara Sea of interest. (b) 223 

Same as in (a), but for the ensemble mean SIC in SINTEX-F3 with three different ocean and 224 

sea ice initialization schemes. 225 

 226 

 The C3S multi-model ensemble mean (Fig. 3a) demonstrates skillful prediction of SIE 227 

in the Barents-Kara Sea from May through September. ECMWF, METEOFR, and UKMO 228 

represent statistically significant prediction skills above the persistence prediction (see 229 

Methods) during July-September. Although the SINTEX-F3 ensemble mean (Fig. 3a) shows 230 

significantly high prediction skills in July only, both F3-SI and F3-3DVAR (Fig. 3b) 231 

demonstrate skillful predictions of SIE in the Barents-Kara Sea from May through September. 232 

F3-SI outperforms both F3-SST and F3-3DVAR, reinforcing the conclusion that sea ice 233 

initialization is important for skillful summer prediction in the Barents-Kara Sea, while the 234 

subsurface ocean initialization disturbs the correct sea-ice initialization. Both F2-SST and F3-235 

SST (Fig. 3b) show lower prediction skills than the persistence, indicating that SST-only 236 

initialization contributes little to summer sea ice prediction in this region. We obtain similar 237 

results for the prediction skills of SIA in the Barents-Kara Sea (Fig. S3), although there are 238 

some differences in the amplitudes of ACCs with SIC and SIE. 239 

 240 
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 241 
Figure 3: (a) ACC of Barents-Kara SIE (averaged over a black curved box in Fig. 1a) during 242 

1993-2016 between the observation (NSIDC) and the predictions from the multi-model 243 

ensemble mean C3S (MME-C3S) and the ensemble mean BOM, CMCC, DWD, ECCC, 244 

ECMWF, METEOFR, UKMO, and SINTEX-F3, respectively. Skill scores of persistence 245 

prediction are shown in black. Open circles indicate ACCs that are statistically significant at 246 

95 % using Student’s t-test and exceed the ACCs of the persistence prediction based on the 247 

observed SIE. (b) Same as in (a), but for the ensemble mean SIE during 1982-2022 in SINTEX-248 

F2 with SST initialization (F2-SST), SINTEX-F3 with SST initialization (F3-SST), SINTEX-249 

F3 with SST and sea ice initializations (F3-SI), and SINTEX-F3 with SST, sea ice, and 250 

subsurface ocean initializations using 3DVAR approach (F3-3DVAR). 251 

 252 

3.2. Physical processes underlying skillful prediction of summer sea ice in the Barents-253 

Kara Sea 254 

We regressed atmosphere, ocean, and sea ice variables onto the standardized SIE index in the 255 

Barents-Kara Sea (Fig. 4; See Methods). The observed SIE regression increases gradually 256 

towards summer (Fig. 4a). This evolution is associated with a gradual increase in negative SST 257 

regression in the Barents-Kara Sea (Fig. 4b), consistent with the close coupling between SIC 258 

and SST. F3-SST, F3-SI, and F3-3DVAR well capture the growth of the observed evolution 259 

of SIE and SST regressions, while F2-SST underestimates it. 260 

 261 
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 262 

Figure 4: (a) Barents-Kara SIE anomalies (in 106 km2/σ) regressed on July-September mean 263 

standardized Barents-Kara SIE index (i.e., anomalies normalized by one standard deviation σ) 264 

during 1982-2022. The observation from NSIDC, the ensemble mean regressions from 265 

SINTEX-F2 with SST initialization (F2-SST), SINTEX-F3 with SST initialization (F3-SST), 266 

SINTEX-F3 with SST and sea ice initializations (F3-SI), and SINTEX-F3 with SST, sea ice, 267 

and subsurface ocean initializations using 3DVAR approach (F3-3DVAR) are shown, 268 

respectively. Here we show the slope of linear regression as the regression value on the Y-axis. 269 

Open circles indicate regression values that are statistically significant at 95 % using Student’s 270 

t-test. (b) Same as in (a), but for Barents-Kara SST regressions (in ºC/σ). The observation 271 

from OISSTv2 is shown as a reference. (c) Same as in (a), but for Barents-Kara net surface 272 

heat flux regressions (Qnet; in W m-2/σ). The reanalysis product from ERA5 is shown as a 273 

reference. Positive values indicate the heat goes into the ocean from the atmosphere. (d) Same 274 

as in (a), but for Barents-Kara SIT advection regressions (in 10-4 m s-1/σ). Positive values 275 

contribute to SIT growth. 276 
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 277 

 Net surface heat flux regression in the Barents-Kara Sea (Fig. 4c) is significantly 278 

negative until July-September for the reanalysis and until June-August for F3-SST, F3-SI, and 279 

F3-3DVAR. The negative surface heat flux regression acts to cool the ocean and sea ice surface, 280 

thereby favoring larger SIE. Net shortwave radiation regression (Fig. 5a) contributes most to 281 

the net surface heat flux regression, consistent with a positive ice-albedo feedback: increased 282 

sea ice cover reflects more incoming solar radiation, which cools the surface and supports 283 

further sea ice retention. Net longwave radiation regression (Fig. 5b) is also significantly 284 

negative for the reanalysis and F2-SST, but its contributions to the net surface heat flux is 285 

comparatively small and very limited. In contrast, the contributions from the latent and sensible 286 

heat fluxes are positive to counteract the sea ice growth (Fig. 5c, d). 287 

 288 

 289 
Figure 5: (a) Barents-Kara net shortwave radiation anomalies (Qnsw; in W m-2/σ) regressed 290 

on July-September mean standardized Barents-Kara SIE index during 1982-2022. The 291 
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reanalysis from ERA5, the ensemble mean regressions from SINTEX-F2 with SST 292 

initialization (F2-SST), SINTEX-F3 with SST initialization (F3-SST), SINTEX-F3 with SST 293 

and sea ice initializations (F3-SI), and SINTEX-F3 with SST, sea ice, and subsurface ocean 294 

initializations using 3DVAR approach (F3-3DVAR) are shown, respectively. Here we show 295 

the slope of linear regression as the regression value on the Y-axis. Open circles indicate 296 

regression values that are statistically significant at 95 % using Student’s t-test. Positive values 297 

indicate the heat goes into the ocean from the atmosphere. (b-d) Same as in (a), but for Barents-298 

Kara net longwave radiation (Qnlw), latent heat flux (Qlht), and sensible heat flux (Qsht) 299 

regressions (in W m-2/σ). 300 

 301 

 Horizontal advections of SIT (see Methods) in the Barents-Kara Sea show significantly 302 

positive regression values during May-July for F3-SST, F3-SI, and F3-3DVAR (Fig. 4d). 303 

Meridional advection (Fig. 6b) contributes more than zonal advection (Fig. 6a) to the total 304 

horizontal advection. In F3-SI, the advection of the SIT climatology by the meridional sea ice 305 

velocity anomaly (Fig. 6c) contributes the most to the total meridional advection, although both 306 

negative sea ice velocity (Fig. 6d) and positive meridional SIT gradient (Fig. 6e) regressions 307 

contribute to the meridional advection of SIT regression. These results indicate that thicker ice 308 

from higher latitudes is advected southward into the Barents-Kara Sea, supporting local sea ice 309 

persistence. 310 

 311 

 312 
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Figure 6: (a) Barents-Kara zonal SIT advection anomalies (in 10-8 m s-1/σ) regressed on July-313 

September mean standardized Barents-Kara SIE index during 1982-2022. The ensemble mean 314 

regressions from SINTEX-F2 with SST initialization (F2-SST), SINTEX-F3 with SST 315 

initialization (F3-SST), SINTEX-F3 with SST and sea ice initializations (F3-SI), and SINTEX-316 

F3 with SST, sea ice, and subsurface ocean initializations using 3DVAR approach (F3-317 

3DVAR) are shown, respectively. Here we show the slope of linear regression as the regression 318 

value on the Y-axis. Open circles indicate regression values that are statistically significant at 319 

95 % using Student’s t-test. Positive values contribute to SIT growth. (b-c) Same as in (a), but 320 

for Barents-Kara meridional SIT advection regressions and their components (in 10-8 m s-1/σ). 321 

Regression values of the total meridional advection (total), the advection of the sea ice 322 

thickness climatology by the meridional sea ice velocity anomaly (vahc), the advection of the 323 

sea ice thickness anomaly by the meridional sea ice velocity climatology (vcha), and the 324 

advection of the sea ice thickness anomaly by the meridional sea ice velocity anomaly (vaha) 325 

are shown, respectively. (d-e) Same as in (a), but for Barents-Kara meridional sea ice velocity 326 

regressions (in 10-2 m s-1/σ) and meridional SIT gradient regressions (in 10-6 /σ). 327 

 328 

 The atmospheric reanalysis and the SINTEX-F model experiments show insignificant 329 

regression values for near-surface winds and wind curl over the Barents-Kara Sea (Fig. S4). 330 

Only F3-SST (Fig. S4a) shows significantly positive values of zonal winds, contributing to 331 

southward transport of thicker ice from higher latitudes. Only the reanalysis and F2-SST 332 

exhibit significantly negative wind curl, contributing to anomalous ice convergence in the 333 

region. Ocean salinity (Fig. S5a) and mixed-layer depth (Fig. S5b) regressions in the Barents-334 

Kara Sea are insignificant in EN4, while they are significantly negative in F2-SST, F3-SST, 335 

F3-SI, and F3-3DVAR. Higher sea ice is associated with fresher near-surface water, reduced 336 

ocean density, and shallower mixed-layer. 337 

In the subsurface ocean, the ocean temperature regression (Fig. 7) in the Barents-Kara 338 

Sea becomes significantly negative in summer, but in spring, only EN4 (Fig. 7a) shows 339 

insignificant ocean temperature regression, unlike the SINTEX-F model experiments (Fig. 7b-340 

e). Ocean salinity (Fig. S6) also shows insignificant regression values for EN4 and SINTEX-F 341 

model experiments. Zonal heat transport vertically integrated at the Barents Sea Opening (Fig. 342 

S5c; see Methods) shows insignificant regression values for SINTEX-F model experiments. 343 

These results suggest that surface and subsurface ocean variability plays a weaker role than sea 344 

ice initialization in shaping seasonal predictability of summer sea ice in the Barents-Kara Sea. 345 
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 346 

 347 
Figure 7: (a) Barents-Kara subsurface ocean temperature anomalies (T; in ºC/σ) from EN4 348 

regressed on July-September mean standardized Barents-Kara SIE index during 1982-2022. 349 

Color indicates regression values that are statistically significant at 95 % using Student’s t-test. 350 

Red solid line corresponds to the mixed-layer depth (MLD) at which the ocean potential density 351 

increases by 0.03 kg m-3 from the one at 10 m depth. (b-e) Same as in (a), but for the ensemble 352 

mean regressions from SINTEX-F2 with SST initialization (F2-SST), SINTEX-F3 with SST 353 

initialization (F3-SST), SINTEX-F3 with SST and sea ice initializations (F3-SI), and SINTEX-354 

F3 with SST, sea ice, and subsurface ocean initializations using 3DVAR approach (F3-355 

3DVAR) are shown, respectively. 356 

 357 

3.3. Potential sources of skillful prediction of summer sea ice in the Barents-Kara Sea 358 

We regressed February-April mean Arctic SIT and SIC onto the standardized July-September 359 

mean Barents-Kara SIE index (See Methods). The sea ice reanalysis shows significantly 360 

positive SIT regression values in the Barents-Kara Sea (Fig. 8a). Both F2-SST (Fig. 8b) and 361 

F3-SST (Fig. 8c) reproduce this signal only weakly, whereas F3-SI (Fig. 8d) and F3-3DVAR 362 

(Fig. 8e) show substantially stronger positive SIT regression, consistent with the effect of sea 363 

ice initialization. We obtain similar results for the SIC regressions (Fig. S7). F3-SST (Fig. S7c) 364 

shows significantly positive SIC regression in the Barents-Kara Sea, while the improvement in 365 

initial SIT is much clearer in F3-SI and F3-3DVAR. This suggests that improved initialization 366 

of SIT from February to April is more important than that of SIC for capturing the subsequent 367 
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ice-albedo feedback and sea ice thickness advection that supports sea ice predictability from 368 

July to September. 369 

 370 

 371 

Figure 8: (a) February-April mean SIT anomalies (in cm/σ) regressed on July-September 372 

mean standardized Barents-Kara SIE index during 1982-2022 from the C-GLORS reanalysis. 373 

Color indicates regression values that are statistically significant at 95 % using Student’s t-test.  374 

(b-e) Same as in a, but for the ensemble mean SIT regressions from SINTEX-F2 with SST 375 

initialization (F2-SST), SINTEX-F3 with SST initialization (F3-SST), SINTEX-F3 with SST 376 

and sea ice initializations (F3-SI), and SINTEX-F3 with SST, sea ice, and subsurface ocean 377 

initializations using 3DVAR approach (F3-3DVAR).  378 

 379 

4. Conclusion and Discussion 380 

Using eddy-permitting coupled models from C3S and SINTEX-F3, this study has 381 

demonstrated overcoming barriers to predict summer sea ice in the Barents-Kara Sea from 382 

spring. SINTEX-F3 shows that sea ice initialization contributes more to this skill than ocean-383 

only initializations. In particular, initializing sea ice conditions from February to Aprial 384 

improves the representation of initial SIT, which supports a more realistic evolution of the ice-385 

albedo feedback and meridional sea ice advection from the higher latitudes. These processes 386 

appear to be central to the enhanced sea ice prediction skill in the Barents-Kara Sea from July 387 

to September. Ocean initializations have a more limited impact in our experiments. Summer 388 
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sea ice variability in the Barents-Kara Sea appears to be driven more strongly by the surface 389 

air-sea interaction (Bushuk et al., 2020) than by subsurface ocean variability (Onarheim et al., 390 

2015), particularly as the ocean mixed layer shoals from spring to summer. Subsurface 391 

observational coverage remains sparse in the Arctic Ocean including the Barents-Kara Sea (Fig. 392 

9), which likely constrains the quality of subsurface-ocean initialization. 393 

 394 

 395 
Figure 9: (a) Number of ocean observation profiles (color; in count per month) in the Arctic 396 

Ocean during the 1980s from EN4. (b-e), Same as in (a), but for the observation profiles from 397 

the 1990s to 2010s. 398 

   399 

There is no denying the fact that atmospheric initialization adopted in most C3S models 400 

plays a role in skillful prediction of summer sea ice in the Barents-Kara Sea. Atmospheric 401 

initialization improves initial conditions of atmospheric temperature (Bushuk et al., 2019), 402 

surface heat flux, cloud or water vapor (Zeng et al., 2023) thereby improving initial sea ice 403 

conditions. This may lead to better representation of the subsequent ice-albedo feedback and 404 

horizontal sea ice transport in the coupled models, although we cannot verify these impacts 405 
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due to the limited availability of model output from C3S. Further comparison studies using 406 

C3S and SINTEX-F3 with atmospheric initialization are required and underway for better 407 

understanding the relative importance of sea ice and atmospheric initializations on the skillful 408 

prediction of summer sea ice in the Arctic Ocean. 409 

This study has large implications for the necessity of long-term sea ice observation data. 410 

The SIC observation data derived from the satellite passive microwave have a long record from 411 

1978 (DiGirolamo et al., 2022). The satellite-derived SIT data from the radar altimetry begins 412 

only in 2010 (Kurtz et al., 2017). Assimilating and initializing the SIT anomalies in a coupled 413 

model (Zhang et al., 2023) has proven useful for improving sea ice prediction skills in the 414 

Arctic Ocean. Since large mean-state differences in the SIT between observations and models 415 

can cause numerical instability or initial shock, and errors, anomaly-based SIT initialization 416 

may be a particular practical path forward (Zhang et al., 2023). These imply that the spring 417 

predictability barrier is not an intrinsic limit of the climate system, but arises from incomplete 418 

initialization of sea ice state variables in coupled models. Given these potential benefits, 419 

continued and extended SIT observations should help improve the prediction of summer sea 420 

ice in the Barents-Kara Sea. 421 

 422 

Code Availability 423 

All observational and modelling analyses were carried out using open-source Fortran and 424 

GrADS codes. Due to the large data size, only sample codes for the numerical analysis are 425 

provided here: https://doi.org/10.5281/zenodo.19660102. Additional analysis codes are also 426 

available from the corresponding author upon request. 427 

 428 

Data Availability 429 

Sea surface temperature data are available from NOAA: 430 

https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.highres.html. Subsurface ocean data are 431 

provided from UK Met Office: https://www.metoffice.gov.uk/hadobs/en4/. Sea ice 432 

concentration data are obtained from NSIDC: https://doi.org/10.5067/MPYG15WAA4WX. 433 

Sea ice thickness reanalysis is available from C-GLORS: http://c-434 

glors.cmcc.it/index/index.html. Atmospheric reanalysis from ERA5 is downloaded from the 435 

Copernicus Climate Data Store: https://doi.org/10.24381/cds.f17050d7. The C3S seasonal 436 

forecasts are available from Copernicus Climate Data Store: 437 

https://doi.org/10.24381/cds.68dd14c3. 438 
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