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Abstract. Winter Arctic polynyas, openings in the pack ice, play a crucial role for the climate from sea ice production to cloud

formation and are hotspots for the ecosystem and human activity. Their area has significantly increased since satellite records

began. Yet their representation has yet to be evaluated in any generation of global climate models, most likely because their

automatic multi-model retrieval is challenging. We here use a newly-developed machine-learning based method and evaluate

polynya activity against the satellite-derived one over 1979-2024 in the 18 CMIP6 models with daily sea ice concentration5

available. We find that models overestimate winter Arctic polynya area but underestimate its frequency, and limit their opening

to the seasonally ice-covered regions. Polynya area is increasing in most models, but the bias of these trends are inconsistent.

Although the model with the highest resolution has both the highest areas and frequencies, the sea ice model component is

a more robust predictor of polynya activity, with most activity in the models whose thermodynamics scheme enhances ice

growth/melt. Accordingly, we found more polynyas in the models with a larger seasonal cycle, in particular those with a10

warmer autumn that would delay ice growth or melt early. Finally, we confirm preliminary findings that polynya activity does

not seem to impact the representation of the water column; if anything, we find less-dense water at the bottom of the continental

shelf following larger polynya activity. Overall, our results suggest that in the Arctic, CMIP6 models unrealistically open only

sensible-heat polynyas.

1 Introduction15

Polynyas, non-linear openings enclosed in sea ice (World Meteorological Organization, 2014), are crucial for the climate,

ecosystem, and the exploitation of polar regions. Winter polynyas expose the comparatively warm ocean to the frigid atmo-

sphere, acting as “ice factories” (Smith Jr and Barber, 2007) responsible for a non-negligible part of the total sea ice production

in the Arctic (Preußer et al., 2019). The intense air-sea interaction also induces a strong heat- and moisture loss to the atmo-

sphere (Morales Maqueda et al., 2004; Zhou et al., 2023) that results in cloud formation locally (Monroe et al., 2021) and20

even impacts the large-scale atmospheric circulation (Gordon et al., 2007). Sea ice production results in brine rejection at the

surface of the ocean; in the Arctic, the dense water thus produced overflows off the shelf, modifying and ventilating the deep

ocean (Aagaard et al., 1981; Martin and Cavalieri, 1989; Ohshima et al., 2016; Vivier et al., 2024). The combined effect of

ocean mixing and air-sea exchanges further leads to intense gas exchanges and nutrient upwelling, making polynyas hotspots
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for marine life (Moore et al., 2023), which indigenous communities and whalers have long known and utilised (Hastrup et al.,25

2018).

Most Arctic polynyas are so-called “latent heat polynyas” that open in response to strong winds (Smith Jr and Barber,

2007), often after a pre-conditioning period with warm air temperatures that thin the ice (Wong et al., 2026). They also open

primarily on the continental shelf, close to the shelf break (Morales Maqueda et al., 2004). Winter Arctic polynya areas have

been increasing since satellite record began in the 1970s (Wong et al., 2026), which is to be expected as the Arctic warms30

(Rantanen et al., 2022). However, the increase in polynya area appears to have slowed down over the last decade (Preußer

et al., 2019; Wong et al., 2026), which Wong et al. (2026) explain as the result of inconsistent trends in winds in the Arctic, in

particular their direction. It may also be that as polynyas grow and reach the shelf break, the oceanic forcing can no longer be

ignored, and the mechanisms leading to polynya openings are changing (Morales Maqueda et al., 2004); Wong et al. (2026)

did find that half of the Arctic regions had become hybrid polynyas, where thermodynamics also plays a role. Owing to the35

crucial role polynyas play in the climate system, understanding and projecting their changes is urgent. Before we can study

future modelled polynyas, one needs to know how well historical polynyas are represented in climate models.

The latest generation of state-of-the-art global climate models are those who participated in the Climate Model Intercom-

parison Project phase 6 or “CMIP6” (Eyring et al., 2016). Their representation of the Arctic sea ice is acceptable but suffers

many biases (Notz and SIMIP Community, 2020); it is common for authors to have to reject a large number of CMIP6 models40

whose sea ice concentration (Heuzé and Jahn, 2024) or thickness (Athanase et al., 2025) is unrealistic. Besides, both modelled

Arctic air temperature (Tian et al., 2024) and wind speed (Zapponini and Goessling, 2024) are biased, and so is the upper

Arctic Ocean (Muilwijk et al., 2023). We therefore expect the modelled Arctic polynyas to be biased as well. Besides, in the

Southern Ocean, Mohrmann et al. (2021) and more recently Landrum et al. (2024) found large biases in the area and frequency

of open water and coastal polynyas in CMIP6 models. To the best of our knowledge, nobody has assessed Arctic polynyas, in45

any CMIP phase, aside from an appendix figure showing the polynya frequency on the Siberian shelf in Heuzé et al. (2023),

to try and explain biases in modelled deep Arctic Ocean properties in CMIP6. This is probably because Arctic polynyas are

particularly tedious to detect in a multi-model framework, owing to the models’ different grid geometries, resolutions and

therefore representations of the coastline and archipelagos, and their treatments of the North Pole. Recently, Heuzé and Wong

(2025) presented a new machine-learning based algorithm specifically designed to address these challenges, thus facilitating50

the detection of polynyas across different sea-ice models; we use their algorithm in this study.

Here, we evaluate the representation of winter Arctic polynyas in CMIP6 models. We quantify their biases in area, frequency

and trends when compared to observations in section 3, including the effect of using monthly output instead of daily output in

subsection 3.2. We then try to determine the causes for these biases in section 4, looking at sea ice thickness, discussing the

sea ice model components used, before moving to winds and air temperature. Finally, in section 5, we go back to Heuzé et al.55

(2023) and the question that originally motivated this paper: do modelled Arctic polynyas impact the modelled deep Arctic

Ocean?
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2 Data and Methods

2.1 Polynya detection and observational polynya masks

We here use the new polynya detection algorithm of Heuzé and Wong (2025), developed with the explicit purpose to detect60

polynyas in CMIP6 models. As reviewed by e.g. Landrum et al. (2024) for the Southern Ocean and Wong et al. (2026) for the

Arctic, there is no consensus in the literature regarding the sea ice concentration or thickness threshold that should be used to

detect a polynya, be it for observations or models. Besides, prior to applying that threshold one has to perform a �ood-�ll to

separate polynyas and open ocean (e.g. Mohrmann et al., 2021; Wong et al., 2026). Flood-�ll algorithms change adjacent values

to a common value, starting from a “seed” point in the open ocean, effectively detecting the ice edge. This is near-impossible65

to implement in a multi-model comparison framework in the Arctic owing to the models' different grids, in particular their

treatment of the North Pole, their choice of reference longitude, and how their resolution represents the Canadian archipelago.

Heuzé and Wong (2025) therefore took a new approach and developed, on observations and for CMIP6 models, a neural

network-based method that detects patterns, gradients in the sea ice rather than absolute concentration or thickness values, and

requires no �ood-�ll.70

We now brie�y describe how the algorithm works and re-direct the interested reader to the full publication (Heuzé and Wong,

2025) for the details. As summarised on Fig. 1, the method consists of four steps:

1. The daily sea ice concentration (SIC) input image is prepared: All pixels with SIC lower than 15% are set to 0 to increase

the sharpness of the ice edge, and all pixels south of 68� N are cut out. A second version is created by interpolating onto

the National Snow and Ice Data Center (NSIDC) Northern Hemisphere Equal-Area Scalable Earth Grid 2.0 (Brodzik75

et al., 2012).

2. The interpolated daily SIC are passed through the “Unet” system, i.e. two convolutional neural networks that “zoom in”

and “zoom back out” of the image, respectively, so that the result is a pixel-wise classi�cation. Unet is particularly well

suited to so-called anomaly detection (Ronneberger et al., 2015), in our case a small opening in the pack ice. The Unet

system used here was trained by Heuzé and Wong (2025) using the daily NSIDC observational sea ice concentration as80

input (more information after this list) and the labelled daily polynya masks of Wong et al. (2026), which used a SIC

threshold of 50%, as target. As the model is already trained, this step takes barely a few seconds per model in our current

study.

3. The sea ice on the native grid is passed through a Gaussian Mixture Model (GMM) system, an unsupervised classi�cation

method that Heuzé and Wong (2025) optimised to detect the open ocean and marginal ice zone (MIZ) pixels as one class.85

As the model is not trained, this step takes more than 1 hour per model and ensemble member. Note that the output of

the AWI-CM-1-1-MR CMIP6 model was too heavy on the native grid, so we had to use its interpolated version (the one

used for step 2).
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4. The GMM mask is interpolated onto the same grid as the Unet result to produce a �ltered version of the Unet polynya /

non polynya classi�cation. Only pixels that are detected as polynyas in step 2 and not detected as open ocean + MIZ in90

step 3 are kept as polynya pixels in this step.

Figure 1. Steps of the polynya detection method, illustrated using the CMIP6 model MRI-ESM2-0 on 1st January 2015.

We leave the settings of Heuzé and Wong (2025) unchanged for Unet. For the GMM �ltering, following their recommenda-

tion, we treat the input of step 3 differently for the observations and the CMIP6 models: For the observations, all daily sea ice

concentration values lower than 40% were set to 0; for the CMIP6 models, all values lower than 15%. We tested also a 30%

threshold for CMIP6 but found no signi�cant difference in the performance; since running the GMM on all models took nearly95

two weeks, we did not test other thresholds.

The observed daily NSIDC sea ice concentration from 1st December to 31st March, from 1978 to 2024, at a 25 km resolution,

has already been classi�ed at the pixel level as polynya / non polynya by Heuzé and Wong (2025). Rather than re-classifying

the sea ice data, we here re-use the observed polynya masks of Heuzé and Wong (2025) as reference. The NSIDC sea ice

concentration is retrieved from passive microwave satellites, processed with the NASA Team algorithm (Cavalieri et al., 1999).100
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For section 3.2 we generated a monthly observational reference by �rst computing the monthly mean of the NSIDC sea ice

concentration from their daily data, and then passing these monthly sea ice concentration through the Unet+GMM algorithm.

2.2 CMIP6 data: ice, wind, and ocean

To compare models to the full observational time series (1978 - 2024), we use both the historical run (Eyring et al., 2016) that

�nishes on 31st December 2014 and the Shared Socio-economic Pathway “SSP” climate change run (Tebaldi et al., 2021) of105

the Climate Model Intercomparison Project phase 6. Our analysis centres on the 18 models from 10 different model families

that had daily sea ice concentration “siconc” available at the time of download (summer 2025), listed in Table 1. They cover

nearly three orders of magnitude in horizontal resolution in the Arctic, from just above 100 km2 per grid cell area for AWI-

CM-1-1-MR to nearly 10 000 km2 for IPSL-CM5A2-INCA. Most models are of the order of 1000 to 2000 km2, or about 1�

longitude/latitude. Their sea ice and ocean components will be further discussed in the analysis. We acknowledge that real-110

world Arctic polynyas are preferably detected using sea ice thickness rather than concentration (e.g. Tamura and Ohshima,

2011; Preußer et al., 2019). However, the daily sea ice thickness in CMIP6 is often not available, and it has been reported to

have large errors compared to observations on multiple occasions (Mohrmann et al., 2021; Athanase et al., 2025), so we use

the more reliable and widely available daily sea ice concentration. We also use the monthly sea ice concentration for a brief

comparison; see Appendix Table A2 for the ensemble members and SSPs.115

When possible, we used up to 10 ensemble members per model. The ensemble spread is the �rst thing analysed in section

3. We tried to use only SSP2.4-5 but it was not available for some models. In the absence thereof, we used SSP3.7-0, and

SSP5-8.5 when it was the only one available; see Appendix Table A1. As shown in Tebaldi et al. (2021), using different SSPs

should have no impact on our results as the scenarios do not diverge before approximately year 2050 whereas we stop in 2024.

We nonetheless redid the analyses with the historical run only and �nd no signi�cant difference (not shown): the values were120

obviously different, but the correlation between the two was near-perfect, and most importantly, the relative model biases were

unchanged.

For investigating the potential causes of polynya biases, we use the monthly sea ice thickness “sivol” (in m, computed as the

total volume of sea ice in m3 divided by grid-cell area in m2) since the daily thickness has large errors, as we described above,

or is not available. Note that the variable “sithick” exists but is ambiguously de�ned as the �oe thickness, and is less widely125

available than “sivol”. For CanESM5 and the EC-Earth3 models, “sivol” is not available; we used “simass” (total mass of sea

ice divided by grid-cell area) that we converted to sivol by dividing it by their ice density of 917 kg m�3 (Vancoppenolle et al.,

2023). Because of missing �les, only 14 models can be used for this analysis; the other four are marked with “no thickness” in

Table 1. We also used the daily surface zonal and meridional wind speeds “uas” and “vas”, respectively; they were not available

for IPSL-CM5A2-INCA, as indicated in Table 1.130

For investigating potential consequences of polynya activity on the ocean, we used the monthly full-depth potential tem-

perature “thetao” and practical salinity “so” on the models' native grid. Full depth variables being very heavy, we use only

the three models with the most and three models with the least polynya activity (o next to the model name in Table 1). As we

will show, there is a large agreement in polynya activity across ensemble members, so we use only the �rst ensemble member
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of each model: r1i1p1f1 for ACCESS-CM2, AWI-CM-1-1-MR, CanESM5, IPSL-CM6A-LR, and NESM3, and r1i1p1f2 for135

MIROC-ES2L.

Model Res. >70� N Sea ice Ocean Comment Model reference

b) ACCESS-CM2o 965 CICE5 MOM5 Bi et al. (2020)

c) AWI-CM-1-1-MR o 138 FESOM FESOM Semmler et al. (2020)

d) CanESM5o 2543 LIM2 NEMO3.4.1 simass Swart et al. (2019a)

e) EC-Earth3-AerChem 2526 LIM3 NEMO3.6 simass Döscher et al. (2021)

f) EC-Earth3-CC 2526 LIM3 NEMO3.6 simass Döscher et al. (2021)

g) EC-Earth3-Veg-LR 2526 LIM3 NEMO3.6 simass Döscher et al. (2021)

h) EC-Earth3-Veg 2526 LIM3 NEMO3.6 simass Döscher et al. (2021)

i) IPSL-CM5A2-INCA 8681 LIM2 NEMO3.6 no thickness Sepulchre et al. (2020)

no uas and vas

j) IPSL-CM6A-LR o 2543 LIM3 NEMO3.6 Boucher et al. (2020b)

k) MIROC-ES2Lo 1100 COCO COCO no thickness Hajima et al. (2020)

l) MIROC6 1100 COCO COCO Tatebe et al. (2019)

m) MPI-ESM-1-2-HAM 2074 MPIOM1.6.3 MPIOM1.6.3 -

n) MPI-ESM1-2-HR 1406 MPIOM1.6.3 MPIOM1.6.3 Müller et al. (2018)

o) MPI-ESM1-2-LR 2074 MPIOM1.6.3 MPIOM1.6.3 Mauritsen et al. (2019)

p) MRI-ESM2-0 1098 �CICE MRI.COMv4 Yukimoto et al. (2019a)

q) NESM3o 2490 CICE NEMO3.4 no thickness Yang et al. (2020)

r) NorESM2-LM 1472 CICE5 BLOM no thickness Seland et al. (2020)

s) NorESM2-MM 1472 CICE5 BLOM Seland et al. (2020)
Table 1. For the models with daily sea ice concentration output: Model name and letter used on all �gures and tables; Horizontal resolution

“Res.” north of 70� N as grid cell area in km2 (total area north of 70� N, in km2 , divided by number of grid cells north of 70� N); Sea ice

component and version, when indicated in the reference (� means similar to, according to the reference); Ocean component and version,

when indicated in the reference; Comments; and reference of the model description paper.o next to the model name indicates a model used

in the ocean analysis of section 5. See also Appendix Table A1 for the ensemble members, simulations, and dataset DOIs.

2.3 Polynya statistics and other analyses

In line with e.g. the “real” Arctic polynya assessment of Preußer et al. (2019) or that of polynyas in CMIP6 in Southern Ocean

of Mohrmann et al. (2021), our evaluation metric is the yearly/winter mean polynya area. We de�ne winter for polynyas as the

period from 1st December to 31st March to reduce the risk of mis-detecting late freeze-up and early melt onset as polynyas.140

The yearly/winter mean polynya area is then the mean of the daily polynya areas, which are for each day the sum of the grid cell

areas of all pixels detected as a polynya. For some diagnostics, we keep the 45-winter time series. For most of the manuscript

however, we then compute the 45-winter mean of the mean polynya area. We tested using instead the historical run only (i.e.
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1979 to 2014 instead of 1979 to 2024) and found no signi�cant differences, with correlations exceeding 0.99 (not shown); we

found the same result if using instead 1982-2014 as Tian et al. (2024) did.145

Two other diagnostics were used by Wong et al. (2026): the cumulative polynya area, i.e. sum of the daily values instead

of the mean (described above), and the total area of each winter, i.e. the sum of the grid cell areas of all pixels detected as

a polynya at least once each winter. We computed them both for all CMIP6 models (not shown) and found a near-perfect

correlation (>0.9) between our yearly/winter means and their diagnostics. In particular, the relative biases of the models did

not change, i.e. the models with the largest values with one diagnostic were still the largest with another one. We therefore use150

the yearly mean polynya area only. We de�ne the polynya frequency of each pixel as the number of winters where that pixel is

detected as a polynya at least once.

As is common in observational studies (e.g. Tamura and Ohshima, 2011; Preußer et al., 2019; Wong et al., 2026), we study

the polynya behaviour of different regions of the Arctic separately. We use the same region de�nition as Wong et al. (2026) as

it is optimised to reduce noise from incorrectly detected marginal ice zone and is adapted to the same time period as our study,155

including the emergence of polynyas in north-east Greenland. The coordinates of each region are given in Appendix Table A3

and shown on the �rst pan-Arctic map of section 3.

Unless stated otherwise, all across-model correlations shown are signi�cant at 95% and conducted on the ensemble-average

values. We show linear regressions only if the corresponding regression is signi�cant. For the trend analysis, linear trends

(with 95% signi�cance) are calculated on the individual ensemble members �rst and the ensemble-average trend is the value160

presented. As for the yearly means, changing the time period for the trend calculation to 1979-2014 or even 1982-2014 made

no signi�cant difference (not shown), and in particular did not change the models' relative biases.

For the beginning of the analysis, where we determine the pan-Arctic behaviour of the models, the sea ice area is computed

as the sum of all concentration x grid cell area, using the concentration on the interpolated grid cut at 68� N. Using the same

grid, the sea ice extent is computed as the sum of the grid cell areas for all grid cells where the concentration is strictly larger165

than 15%. Along with the 1979-2024 mean of the whole-year means we also compute the mean seasonal cycle: for each

year, we compute the difference between the yearly maximum and the yearly minimum SIA or SIE, respectively, and take the

45-year mean.

The objective of this study is to try and �nd a link between polynya biases and model biases across the CMIP6 ensemble,

not to conduct a process study in individual models. Therefore, our priority is to �nd across-model relationships. Only in the170

absence of such relationship do we resort to time series correlations at the individual model level. Since polynya area and

frequency have regularly been linked to wind speed, including its extremes, and air temperature (see Wong et al., 2026, and

references therein), we use these two parameters in our study.

The daily wind speed is computed from the daily “uas” and “vas”. In each region, we extract the mean of the three variables,

but also their 90th percentile as the most extreme value. For the two components of the wind “uas” and “vas”, we have to175

extract both the 10th percentile (most extreme negative values, i.e. west- or southward) and the 90th percentile (most extreme

positive values, i.e. east- or northward).
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We use the air temperature biases of Tian et al. (2024). They use only the �rst ensemble member of each model (r1i1p1f*),

only the time period 1982-2014 (historical run), and before computation regridded all the models to a common 1� grid. For

across-model correlations, we therefore also use the �rst ensemble member only and the 1982-2014 time period for our polynya180

areas. Compared to our list of models, the only model missing from their study is AWI-CM-1-1-MR. All their values are biases,

i.e. model value minus a common satellite-based reference; see Tian et al. (2024) for more information. Since it is a common

offset for all models, it has no impact on our across-model correlations.

Finally for the ocean variables, we limit our investigation to a comparison of the Kara and Laptev seas. We extend the

geographical limit of the Kara Sea northward to 86� N compared to the rest of the study (coordinates in Appendix Table A3)185

to capture the potential effect of the polynya not only on the water column below, but in the deep basin offshore via potential

dense water over�ows and effects on the halocline; the original de�nition of the Laptev Sea already includes the relevant deep

ocean area. We further split each sea into three regions based on their bathymetry

– continental shelf: shallower than 500 m;

– shelf break: bathymetry between 500 and 1000 m;190

– abyssal plain: deeper than 3000 m.

The bathymetry itself was computed as the depth of the last level with salinity data, since the modelled bathymetry “deptho”

was not available for all models at the time of download. We compute the bottom properties as the properties T and S in that

last level. Given the large range of depths considered, we use the density anomaly referred to 2000 m �2, computed following

TEOS10 as implemented in the Gibbs SeaWater toolbox (Roquet et al., 2015). Finally, following Heuzé et al. (2023), we extract195

each model's properties of the Atlantic Water core, de�ned as the depth of the maximum temperature deeper than 200 m.

3 Results: Assessment of biases in winter Arctic polynya

3.1 Polynyas are too large but do not open often enough

At the pan-Arctic scale, 10 out of 18 models overestimate the winter polynya area for all their ensemble members (Fig. 2).

The largest overestimation is from AWI-CM1-1-MR, which is nearly 10 times too high. This is also the model with the highest200

horizontal resolution by far (Table 1), which is consistent with both Wong et al. (2026) and Landrum et al. (2024) who showed

that higher resolution in the product leads to larger polynya area detected. The bias does not seem related to the ocean model:

both CanESM5 and NESM3 use the same model NEMO (both version NEMO3.4), yet the polynya area in CanESM5 is twice

as large as the observations, while that of NESM3 is only a third of the observed area. We will show in section 4.1 that this is

probably a consequence of their different sea ice models. The intermodel spread is much larger than the spread across ensemble205

members of each model (Fig. 2). This result still holds when looking at the individual regions separately (Appendix Figure

A1). The rest of the bias analysis is therefore done with the ensemble mean of each model, unless speci�ed otherwise.
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Figure 2. 1979-2024 mean of the winter (Dec - Mar) mean polynya area for the entire Arctic, for the observations (black horizontal line)

and for each ensemble member of the models with daily sea ice concentration. Individual regions shown on Appendix Fig. A1. Acronym in

parentheses is the sea ice model family, as discussed in the rest of this section and in section 4.1.

At the pan-Arctic scale, models not only overestimate the 45-year mean polynya area, they also overestimate how often

polynyas open (Fig. 3). Most models have more polynya activity than the observations, either because low-activity areas

extend further north or south (red colours), or because the regions are more active than the observations (yellow colours). In210

observations, an increase in polynya activity as sea ice area/extent declines has been reported (e.g. Preußer et al., 2019; Heuzé

and Wong, 2025; Wong et al., 2026). At the multi-model level, we �nd the opposite relationship. We �nd an across-model

correlation between pan-Arctic sea ice area / extent and mean winter polynya area of 0.75 / 0.84, i.e. the models with most

sea ice also have the most polynyas. This is most likely because, with the exception of CanESM5 and the EC-Earth3 models,

polynya activity in models is mostly limited to the seasonally ice covered area (between the summer extent in cyan and the215

winter extent in dark blue, Fig. 3), whereas in observations there are polynyas in the inner ice pack (north of the cyan line). The

across-model correlation between polynya activity and the model's mean seasonal cycle in SIA / SIE is 0.50 / 0.53: the larger

the seasonally ice-covered region, the more polynyas. This suggests a link with sea ice thickness, which we will investigate in

section 4.
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Again, the highest resolution model AWI-CM1-1-MR has the most activity. Note that we visually veri�ed its daily sea220

ice concentration output and can con�rm that these are indeed polynyas. There are however many pixels with a low polynya

opening frequency out of the main, prede�ned regions, for most models: this is noise from the marginal ice zone in the North

Atlantic, Barents Sea and on the Paci�c side. As discussed both for observations by Preußer et al. (2016) and for models by

Heuzé and Wong (2025), this is unavoidable in the Arctic, even with traditional threshold + �ood-�ll methods, owing to the

complex shape of the coastline and the MIZ itself. To reduce this noise, we conduct the rest of the bias analysis on the nine225

regions highlighted on Fig. 3a (see also Appendix Table A3).

10



Figure 3. For each pixel, for the observations (a) and the ensemble-average of the CMIP6 models with daily output, number of winters over

1979-2024 where a polynya opened there at least once between 1st December and 31st March. Note that polynyas are detected using sea ice

concentration only. Dark blue and cyan are the mean sea ice extent in March and September, respectively, over the same period 1979-2024;

the “tail” of sea ice in the top-left corner of some models is a plotting artefact. Thick black lines on a) are the regions used in this study, as

per Wong et al. (2026), also de�ned in Appendix Table A3. 11



To quantify the biases in polynya frequency, we compare the percentage of each region where polynyas have opened for

more than 25 out of the 45 years (not necessarily continously), in both models and observations (pale orange and pale yellow

on Fig. 3). In the regions Svalbard (column 1 in Table 2), East Siberian (5) and Chukchi (6), a majority of models overestimate

locations that have a high opening frequency (10, 12 and 12 models, respectively). The overestimation is most dramatic in the230

East Siberian Sea where the observational value is 0. Most models show very little activity in the North Water Polynya (NOW,

column 8). This region is one of the most active polynya regions in the Arctic but is dif�cult to model owing to the narrow

straits and complex bathymetry (e.g. Moore et al., 2023). It is therefore surprising that the models' behaviour in the North

Water Polynya region is not related to the model's horizontal resolution. For example, the higher resolution MPI-ESM1-2-HR

is lower than observations (3.9 instead of 6.9%, column 8 in Table 2), but its low resolution counterpart MPI-ESM1-2-LR is235

higher than the observations (15.0 instead of 6.9%).

The largest overestimation of the frequent-opening locations is from AWI-CM-1-1-MR in the Beaufort Sea, with a value 48

times that of the observations. In fact, this model largely overestimates the area with frequent polynyas in all regions except

Franz Josef Land, where it underestimates it by nearly half (8.0% instead of 13.1%). MRI-ESM2-0 is the only other model

that is quite consistent in overestimating the frequent-opening areas: it does so in all regions except Franz Josef Land, Kara240

Sea, and the North Water polynya. It is more common for CMIP6 models to underestimate the frequent-opening areas: seven

of the models do so in at least 7 out 9 regions (ACCESS-CM2, EC-Earth3-AerChem, EC-Earth3-Veg, IPSL-CM5A2-INCA,

MIROC6, MPI-ESM-1-2-HAM, NESM3), and 13 in at least 6 (same + EC-Earth3-CC, EC-Earth3-Veg-LR, MIROC-ES2L,

MPI-ESM1-2-LR, NorESM2-LM, NorESM2-MM). In summary, even though Fig. 3 suggests that models open polynyas too

often, what they do is to open with a low frequency at too many locations. The modelled polynyas' spatial distribution is mostly245

con�ned to the marginal seas and rarely form in the central ice pack.

Finally, winter Arctic polynya area has been increasing in observations (e.g. Preußer et al., 2016; Preußer et al., 2019; Wong

et al., 2026), with Wong et al. (2026) in particular �nding positive trends since satellite records began in all regions except

Svalbard. Do the CMIP6 models reproduce these trends? In most regions, even in Svalbard, a majority of CMIP6 models

exhibit a positive trend in polynya area over 1979-2024 (Fig. 4). The trend is however inaccurate when compared to the250

observed one, but there is no consistency in whether the models over- or underestimate it (compare symbols to the horizontal

black line). We �nd rather that there often is a relationship between the 45-year mean bias in polynya area and the bias in trend

of the polynya area (Fig. 4), with �ve regions exhibiting large signi�cant positive correlations between the two, albeit with

three different behaviours. In Franz Josef Land (region 2, R=0.81) and the Laptev Sea (region 4, R=0.84), most models have

a low bias in both 45-year mean and trend, except for CanESM5 (d) and IPSL-CM6A-LR (j) that have a large bias in both.255

In the Kara (3, 0.67) and Beaufort (7, 0.77) seas, all models overestimate the trend, but the trend is greater for larger polynya

areas. In the North Water polynya (8, 0.91) in contrast all models underestimate the trend, but likewise the trend is larger

for larger polynya areas. Note that AWI-CM-1-1-MR is excluded, as it is a clear outlier; when it is included (see Appendix

Fig. A2), all regions except the MIZ-dominated Svalbard have an extremely strong correlation, exceeding 0.9 in �ve regions.

Note that although Heuzé and Wong (2025) found, in observations, an increased performance of the detection algorithm as260
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1. Sva 2. FJL 3. Kara 4. Lap 5. E. Sib 6. Chuk 7. Beau 8. NOW 9. NEW

a) Obs. 17.9 13.1 21.5 0.5 0.0 11.2 0.4 6.9 0.3

b) ACCESS-CM2 28.1 1.1 2.0 0.0 0.0 1.1 0.0 0.0 0.0

c) AWI-CM-1-1-MR 66.7 8.0 53.7 17.7 14.7 74.3 17.7 25.8 15.6

d) CanESM5 23.7 0.0 18.0 1.8 1.2 3.3 3.2 0.2 0.3

e) EC-Earth3-AerChem 0.2 0.0 2.4 0.0 0.6 28.3 0.0 0.0 0.0

f) EC-Earth3-CC 17.0 4.2 21.4 0.0 3.7 54.9 1.0 0.0 0.0

g) EC-Earth3-Veg-LR 0.4 0.0 3.8 0.0 0.6 23.3 0.7 0.2 0.0

h) EC-Earth3-Veg 6.6 0.0 8.9 0.0 1.3 45.5 0.2 0.0 0.0

i) IPSL-CM5A2-INCA 1.9 0.0 1.3 0.0 0.0 0.0 0.1 0.0 0.0

j) IPSL-CM6A-LR 23.7 20.5 28.7 0.1 0.7 42.1 0.1 0.0 0.0

k) MIROC-ES2L 8.7 0.2 3.5 0.2 0.1 16.5 1.0 0.0 0.0

l) MIROC6 6.7 0.2 9.4 0.1 0.0 28.9 0.1 0.0 0.0

m) MPI-ESM-1-2-HAM 23.5 0.0 7.8 0.1 0.0 0.1 0.0 4.3 0.0

n) MPI-ESM1-2-HR 35.8 0.7 18.4 2.6 0.8 37.8 5.5 3.9 0.0

o) MPI-ESM1-2-LR 23.5 3.6 11.0 0.1 0.0 10.4 0.0 15.0 0.0

p) MRI-ESM2-0 23.1 0.9 10.7 0.5 1.9 27.5 0.8 0.4 0.6

q) NESM3 5.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

r) NorESM2-LM 24.5 1.6 14.6 0.0 0.4 45.1 0.0 0.0 0.0

s) NorESM2-MM 23.5 0.0 4.8 0.0 0.2 26.0 0.0 0.0 0.0
Table 2. For each region, percentage of the region where there is a polynya more than 25 out of 45 winters over 1979-2024, for the observa-

tions (top row) and the ensemble-average of the models. Only non-land pixels considered.

SIA/SIE decreased, we �nd no across-model correlation between the trends in SIA/SIE and either the trend or mean values of

the polynya area.

In summary, there is no across-model agreement on the polynya area trend, rather different clusterings in the different

regions. We see no link with the model resolution in any of the regions (shading on Fig. 4), but there appears to be some

clustering by sea ice model. The LIM models (stars on Fig. 4) in particular are often found together, most visibly by the Paci�c265

in�ow regions of the East Siberian (all of them are to the right), Chukchi (�ve out of seven in the top right corner) and Beaufort

seas (all of them are to the bottom centre/left). We will investigate why that might be in section 4, but �rst, since the number

of models with daily sea ice is way less than that with monthly sea ice, let us investigate the impact of using monthly CMIP6

data for polynya detection.
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Figure 4. Across-model relationship between the 1979-2024 mean of the winter-mean polynya area (x-axis) and the 1979-2024 trend (95%

signi�cance) in winter mean polynya area (y-axis) for each region as de�ned in Appendix Table A3. If the trend is insigni�cant, it is shown

here as 0. Models referred to with same letters as on Fig. 3. Numbers in the top right corner of each panel is the correlation between

the two (95% signi�cance), considering only the models with a signi�cant trend; `NaN' means no signi�cant correlation. Black lines are

the observational values. Shading is each model's nominal resolution north of 70� N; symbol, its sea ice component. AWI-CM-1-1-HR is

excluded for clarity; see Appendix Figure A2 for the version with that model included. Mean area and trend values are also given in Appendix

Table A4.
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3.2 A linear relationship between values from daily and monthly output270

There are nearly twice as many CMIP6 models with monthly sea ice concentration than with daily sea ice concentration (35

vs 18). It is therefore tempting to try and detect polynyas in CMIP6 models using monthly data, although polynyas usually last

but a few days (Smith Jr and Barber, 2007). We can immediately see that both areas and frequency are largely underestimated

when using monthly output (Fig. 5), including for the monthly-version of the observations where only a handful of pixels have

a polynya 5 to 10 out of the 45 years, but none more often than that (i.e. only red pixels on panel a). The same holds for275

the CMIP6 models, with most models having very few polynya pixels at the pan-Arctic scale, and nearly no model having

frequencies exceeding 15 years (i.e. another colour than red) anywhere.

The relationship with the sea ice area / extent and its seasonal cycle have also been lost, probably because of the extreme

behaviours in the monthly-only models. Without the need for any calculation, we can �ag several models as having clearly

inaccurate sea ice concentration, models that are therefore not trustworthy in terms of their polynya representation. For example,280

CIESM and the two CMCC models have virtually no summer sea ice on average over 1979-2024 (cyan contours around the

Canadian archipelago on Fig. 5). CAMS-CSM1-0, CAS-ESM2-0, and the CNRM models in contrast have an immense winter

ice cover (dark blue contours), including the entire Greenland Sea all the way to Iceland. CAS-ESM2-0 also has one of the most

extreme seasonal cycles (distance between the cyan and dark blue lines), while CESM2 has virtually none. Should the reader

consider using monthly output for a polynya analysis, we strongly recommend that they reject these models with unrealistic285

sea ice cover.

AWI-CM-1-1-MR and IPSL-CM5A2-INCA are not available as monthly output, and EC-Earth3-Veg had no ensemble mem-

ber in common for the daily and monthly output at the time of download. We therefore momentarily limit our study to the 15

remaining models and compare the mean polynya area obtained when using their daily or monthly output. Note that we used

only the ensemble members common to both time resolutions, so the polynya area values presented on Fig. 6 differ slightly290

from those on Fig. 4 and in Appendix Table A4.
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Figure 5. Same as Fig. 3 but for monthly output: For each pixel, for the observations (a) and the ensemble-average of the CMIP6 models

with monthly sea ice output, number of winters over 1979-2024 where a polynya opened there at least once between 1st December and 31st

March. Dark blue and cyan are the mean sea ice extent in March and September, respectively, over the same period 1979-2024; the “tail” of

sea ice in the top-left corner of some models is a plotting artefact.
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