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Abstract 11 

Sea-ice thickness, though critical to our understanding of sea-ice variability, remains relatively 12 

understudied compared to surface sea-ice parameters in the Southern Ocean. To remedy this, we 13 

examine spatio-temporal variations in sea-ice thickness by analyzing historical simulations from 14 

39 coupled climate models in CMIP6, comparing them with three sea-ice products, including 15 

satellite-derived observations and reanalyses. Furthermore, we compare seasonal trends in 16 

simulated sea-ice thickness with trends in sea-ice area. Our results indicate that CMIP6 models 17 

can replicate the mean seasonal cycle and spatial patterns of sea-ice thickness. During its 18 

maximum in February, these models align well with satellite-based observation products. 19 

However, during the annual minima, CMIP6 models show significant agreement with the 20 

reanalysis products. Certain models exhibit unrealistic historical mean states compared to the 21 

sea-ice products resulting in significant inter-model spread. CMIP6 models can simulate sea-ice 22 

area more accurately than the sea-ice thickness. They also simulate a positive relationship 23 

between the two parameters in September such that models with greater area tend to exhibit 24 

thicker ice. In contrast, there is a negative relationship in February when greater area is associated 25 

with lower thickness since only the thicker ice survives the summer melt. Moreover, our study 26 

highlights significant positive trends in sea-ice thickness observed during the cooler seasons, which 27 

are nearly absent in the warmer seasons where positive trends are predominantly observed in sea-28 

ice area. The spatial distribution of SIT biases is closely linked to uncertainties in modeling the ice 29 

edge and the dynamic processes, emphasizing the need for better model representation of both. This 30 

study, therefore, highlights the need for improved representation of Antarctic sea-ice processes in 31 

models for accurate projections of thickness and related volume changes. 32 

 33 

1. Introduction 34 

Antarctic sea-ice extent which showed a small positive linear trend since the start of the satellite 35 

era (Cavalieri & Parkinson, 2008; Parkinson & Cavalieri, 2012; Turner et al., 2015; Zwally et al., 36 

2002), has decreased significantly since mid-2015 (Eayrs et al., 2021; Raphael and Handcock, 37 

2022; Wang et al., 2022; Turner et al., 2022). Since there is a long and reliable observational record 38 

available for the surface characteristics (such as extent and area) of the ice, they have been the 39 

primary focus for understanding the variability in the sea-ice cover in the Antarctic. However, 40 

complete understanding of the changes in sea-ice and their potential impact on climate (via a 41 

variety of climate-sea-ice feedbacks) and marine ecosystems is not possible without an 42 

understanding of the variability in sea-ice thickness (SIT) and volume (SIV) (Holland et al., 2006; 43 

Stammerjohn et al., 2008).  44 

SIV (viz. the product of both area and thickness) serves as a measure of total sea-ice production 45 

and, hence, a measure of the surface salinity flux in winter, the freshwater input to the ocean in 46 

summer, and total heat exchange with the atmosphere (Maksym et al., 2012). Understanding the 47 

variability in SIV improves our understanding of surface buoyancy flux and its impact on the 48 

ventilation of Southern Ocean deep waters, as well as trends and variability in salinity in the region 49 

(Haumann et al., 2016; Abernathy et al, 2016; Pellichero et al., 2018). This understanding in turn, 50 

informs our knowledge about global ocean heat and carbon uptake processes (Williams et al., 51 

2023).  52 
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SIT varies seasonally and is an important component of the Antarctic ice budget (Kurtz & Markus, 53 

2012; Worby et al., 2008). SIT is important for the marine biology of the Antarctic ecosystem. It 54 

affects the maximum biomass of algae in different ice layers, which in turn influences the food 55 

web of the Southern Ocean. SIT, along with the snow depth, affects the light penetration and 56 

availability for the phytoplankton contributing further to their production and bloom (Massom & 57 

Stammerjohn, 2010; Schultz, 2013). Therefore, a long-term assessment of SIT/SIV in combination 58 

with surface sea-ice characteristics, is important for a complete understanding of the ongoing 59 

changes in the Antarctic sea-ice and its impacts (Massonnet et al., 2013; Sallée et al., 2023). 60 

Among the currently available SIT datasets, ship-based observations from ASPeCt (Antarctic Sea 61 

ice Processes and Climate) tend to underestimate mean measurements because ship routings 62 

preferably avoid thicker sea-ice (Worby et al., 2008). Airborne electromagnetic data, NASA 63 

Operation IceBridge (Koenig et al., 2010) and the upward-looking sonars (ULS) (Behrendt et al., 64 

2013) provide valuable spatio-temporal information but are limited to certain regions, lacking 65 

circum-Antarctic distribution. To overcome some of the limitations, advanced retrieval techniques 66 

in the form of satellite remote sensing, including passive microwave sensors for thin ice (Kurtz & 67 

Markus, 2012), and active sensors like Synthetic Aperture Radar (SAR), have now been applied 68 

to study circum-Antarctic SIT coverage and its long-term trends. More recently published satellite-69 

derived (both radar from Envisat-CryoSat-2 and laser from ICESat-2) altimetry-based SIT datasets 70 

have proven to be the best source for circum-Antarctic SIT retrievals over the full thickness range 71 

(Kurtz and Markus, 2012; Kacimi and Kwok, 2020; Wang et al., 2022). In general, gathering 72 

Antarctic SIT data presents significant challenges owing to harsh weather conditions, extensive 73 

snow cover, and intricate snow metamorphism processes. These factors introduce uncertainties in 74 

both in-situ measurements and satellite altimetry observations, particularly concerning the 75 

accuracy of detecting the snow-ice interface in the latter method. In-situ measurements like drilling 76 

data are accurate but extremely limited in time and space and suffer from biases. We discuss such 77 

uncertainties in detail in Sect.2.1. 78 

Given the inconsistencies and limitations in the existing SIT observations, Global Coupled  79 

Climate Models (GCMs) can serve as potentially valuable tools for assessing long-term SIT/SIV 80 

variability and providing future projections. Hou et al. (2024) compared SIT simulations in CMIP6 81 

models with radar altimetric datasets (Envisat-CryoSat-2) and identified common issues, including 82 

lags and significant underestimation in SIT climatology during autumn and winter months, as well 83 

as negative biases, particularly in the sea-ice deformation zone around Antarctica. In an earlier 84 

study, Trivedi et al. (2024) carried out a preliminary comparison of Antarctic SIT across CMIP6 85 

models using historical simulations (1979–2014). However, that study only provided a brief 86 

analysis of SIT trends and inter-model variability.  A detailed assessment of model biases, seasonal 87 

behavior, model performances in warmer scenarios and connections with other sea-ice parameters 88 

is lacking. An assessment of the accuracy of SIT simulations in GCMs remains a challenge, which 89 

adds to the low confidence in Antarctic sea-ice projections (Meredith et al, 2019). This is a key 90 

motivation for our study. 91 

In this study, we present a high-level evaluation of models in the Sixth Coupled Model 92 

Intercomparison Project (CMIP6; Eyring et al., 2016) which simulate Antarctic SIT. We compare 93 

these simulations to three different sea-ice products, including radar altimetric (as in Hou et al., 94 

2024) as well as two reanalysis (synthesis) datasets. Our results indicate that CMIP6 models can 95 

reasonably capture the timing of the annual cycle and the spatial patterns in SIT, albeit with some 96 
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biases and model discrepancies, which we discuss. Notably, when compared to sea-ice area (SIA), 97 

the models’ performance remains suboptimal. This underscores the need for further improvements 98 

in the representation of sea-ice dynamics and the physical processes controlling sea-ice-ocean 99 

interactions in GCMs.  100 

Since our understanding of historical sea-ice variability and the evaluation of climate models has 101 

traditionally relied heavily on SIA records, this study extends the analysis by comparing simulated 102 

SIT and SIV to SIA, in order to see how these diagnostics are related. Furthermore, we examine the 103 

inter-relations between SIT and SIA during two key months to better understand their covariability. 104 

We also identify significant seasonal trends in the three sea-ice parameters and analyze their 105 

evolution over the selected time-period. These results emphasize the importance of incorporating 106 

SIT metrics into future model evaluations to enhance our understanding of Antarctic sea-ice 107 

dynamics and improve sea-ice and climate projections. 108 

 109 

2. Data and Methods 110 

2.1 Sea-ice products  111 

Our study uses three different sea-ice records for SIT (Table S1): A dataset derived from Envisat-112 

CryoSat-2 (2002-2017; henceforth referred to as satellite product), the Global Ice-Ocean 113 

Modeling and Assimilation System (GIOMAS, 1979-2014) and the German contribution to the 114 

Estimating the Circulation and Climate of the Ocean project Version 3 (GECCO3, 1979-2014). 115 

We compare them with the CMIP6 historical simulations which run until 2014. Since the satellite 116 

products do not begin before 2002, our study focuses on the time-period between 2002-2014. To 117 

eliminate mismatch in the spatial resolution, all the sea-ice products were regridded onto a 118 

common CMIP6 model grid. SIA is calculated by multiplying the monthly values of sea-ice 119 

concentration (SIC)  by the corresponding grid cell area and summing over the Southern Hemisphere. 120 

SIV was computed as the product of the actual floe thickness, SIC and the grid cell area, summed over the 121 

circum-Antarctic region.  122 

SIT from Satellite Altimetry- Envisat and CryoSat-2: 123 

The Sea-Ice Climate Change Initiative (SICCI) project provides a large-scale Antarctic SIT dataset 124 

from Envisat and CryoSat-2 with a 50 km spatial resolution (Hendricks et al., 2018a, 2018b). Both 125 

Envisat and CryoSat-2 carry a radar altimeter based on the Ku Band frequency which is expected 126 

to measure the ice freeboard (total freeboard minus snow depth), with spatiotemporal resolution 127 

and spatial coverage consistent with each other. Our study utilizes the aggregated time-series data 128 

from both satellites owing to the reasonable alignment of mean and modal values derived from 129 

their radar freeboards throughout the sea-ice seasons (Hou et al., 2024; Schwegmann et al., 2016). 130 

The SICCI dataset stands out as the most comprehensive satellite dataset spanning the circum-131 

Antarctic SIT from 2002 to present (Shi et al., 2021, Hou et al., 2024). This coverage is not 132 

matched by more recent datasets like ICESat-2 (Xu et al., 2021). It is comparable to ULS-derived 133 

SIT for the Weddell region (Shi et al., 2021; Liao et al., 2022; Wang et al., 2022) and aligns well 134 

with in-situ ship-based observations (ASPeCt; Worby et al., 2008), showing highest thickness in 135 

summers and lowest in autumn-winter.  136 

 137 
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Retrieval of such Antarctic SIT products is quite challenging and the existing satellite datasets are 138 

not without uncertainties. Although the altimetric SIT measurements of Envisat and CryoSat-2 139 

observations represent a major advancement in monitoring Antarctic SIT, it is an experimental 140 

climate data record with uncertainties resulting from the inaccuracy in determining the snow–ice 141 

interface (Willatt et al., 2010) and biases due to surface-type mixing and surface roughness 142 

(Schwegmann et al., 2016; Paul et al., 2018; Tilling et al., 2019) resulting in overestimations 143 

(Hendricks et al., 2018a, b; Shi et al., 2021; Wang et al., 2022). 144 

 145 

For the satellite product, SIA is calculated by multiplying the SIC with the corresponding grid cell 146 

area, both derived from the reanalysis dataset provided by the National Snow and Ice Data Center 147 

(NSIDC; Comiso, 2017) for the period 2002-2014. SIV is then computed by multiplying the 148 

resulting SIA with the satellite-derived floe thickness and summing over the entire Southern 149 

Hemisphere.    150 

 151 

SIT from Reanalysis/Synthesis products: 152 

Reanalyses integrate information from observations and ocean-sea-ice models through data 153 

assimilation and provide gridded sea-ice data with homogeneous spatiotemporal sampling over an 154 

extended time-period. The use of ocean–sea-ice models forced by atmospheric reanalysis is a 155 

general approach to better constrain SIT changes with the observations, in both the Arctic and 156 

Antarctic. Since the reanalysis datasets offer state estimations closer to observations compared to 157 

model-only data, it makes them a valuable tool in Antarctic sea-ice studies (Kumar et al., 2017).  158 

Hence, our study uses two such estimates of long-term Antarctic SIT changes and compares them 159 

against the satellite products and the GCMs. 160 

GECCO3 ocean synthesis is an improved version of GECCO2 based on MITgcm which employs 161 

the adjoint method to fit the model to a large variety of data over a multidecadal period (1948-162 

2018). Unlike GECCO2, it is optimized over only one assimilation window. GECCO3 has 40 163 

levels and uses the horizontal and vertical grid of the ocean component of MPI-ESM in the MR/HR 164 

configuration, providing a global eddy-permitting synthesis at a nominal resolution of 0.4° (Köhl, 165 

2020). While GECCO3 does not directly assimilate sea-ice data, its ocean-ice coupling is 166 

influenced by the model’s oceanic state. Hence, this synthesis primarily assimilates oceanic data, 167 

including temperature and salinity (EN4.2.1), along-track sea-level anomalies (AVISO), and sea 168 

surface temperature (HadISST), using a 4D-VAR (adjoint) method (Köhl, 2020). 169 

GIOMAS uses the Parallel Ocean Model coupled with a 12-category thickness and enthalpy 170 

distribution ice model at a horizontal resolution of 0.8° (Zhang & Rothrock, 2003). In GIOMAS, 171 

the modeled SIC is nudged by assimilating satellite-derived SIC from the Special Sensor 172 

Microwave Imager (SSM/I) launched by the Defense Meteorological Satellite Program (Weaver 173 

et al., 1987). Subsequently, other modeled variables including SIT are adjusted accordingly. This 174 

process reduces the root-mean-square difference and improves the correlation between modeled 175 

SIT and observed SIT, while also causing the thinning of the mean SIT. This assimilation method 176 

has demonstrated good agreement of modeled SIT with satellite observations in the Arctic 177 

(Lindsay & Zhang 2006) and is useful for studying long-term variations in Antarctic sea-ice (Liao 178 

et al., 2022; Shi et al., 2021).  179 
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To make the GECCO3 and GIOMAS products comparable to absolute floe thickness estimates 180 

(the SIV per grid-cell area or “equivalent sea-ice thickness”), we convert them into “effective 181 

thicknesses” by dividing them by their respective SIC records. For the reanalysis/synthesis datasets, 182 

SIA is calculated as the product of the SIC and the corresponding grid cell area obtained from the 183 

respective datasets. The SIA value so obtained is then multiplied with the “effective thickness” from 184 

each of the reanalysis/synthesis dataset to obtain their respective SIV.    185 

2.2 CMIP6 Models 186 

We analyze the historical experiments of the CMIP6 dataset, specifically focusing on the sithick 187 

variable, which represents simulated effective or actual floe thickness. We also use siconc (sea-ice 188 

concentration) and areacello (area of individual grid cells over the ocean) variables. CMIP6 189 

models generate multiple ensemble members, which are multiple runs or simulations with slightly 190 

different initial conditions or parameter settings, used to capture uncertainty and variability in 191 

model predictions. In this study, we consider a single ensemble for each model (Table S2) to 192 

account for internal variability and ensure fairness by not giving weight to the models with multiple 193 

ensemble members (following Notz & Community, 2020; Roach et al., 2020). We calculate SIV 194 

by multiplying siconc, sithick and areacello and summing over the circum-Antarctic Southern 195 

Ocean. For SIA, we calculate the area integral product of siconc and areacello. Lastly, for floe 196 

thickness, we use the averaged sithick over the Southern Ocean. The multi-model means (MMM) 197 

are calculated based on the single ensemble member in 39 coupled climate models for all the three 198 

sea-ice variables. In addition to the historical experiments, we also analyze a warmer scenario, SSP 199 

5-8.5 (Shared Socio-economic Pathway; 2015-2100) to compare with the future sea-ice variability. 200 

3. Results 201 

3.1 Mean and Anomaly State 202 

This section first discusses the mean annual cycles of SIA, SIV and SIT for the different sea-ice 203 

products and the CMIP6 models over the period of 2002-2014 (Fig.1). It then examines the biases 204 

and spreads in the climate models and, finally, the simulated and observed seasonal trends in the 205 

anomalies across all the sea-ice variables. 206 

Fig.1a highlights that all the sea-ice products agree on the timing of their SIA maxima and minima 207 

(in September and February, respectively). However, GIOMAS, despite having the same 208 

maximum and minimum timings, exhibits a lower amplitude, particularly during the winter season. 209 

All the CMIP6 models similarly simulate the observed timing of maxima and minima in SIA, 210 

however the MMM remains consistently lower than all other sea-ice products throughout the year. 211 

Overall, significant negative biases are observed in the simulated SIA cycles, except for a few 212 

models that consistently simulate larger SIAs throughout the year. 213 

For the SIV, all the sea-ice products display pronounced annual cycles (Fig.1b). While their 214 

minima are similar in timing and magnitude, their maxima do not occur at the same time, with the 215 

satellite products showing the earliest maxima and GECCO3 the latest. Additionally, the 216 

amplitudes of the SIV cycles are highest in the satellite products and lowest in GECCO3. All the 217 

CMIP6 models simulate a similar annual cycle to the sea-ice products, with their MMM maxima 218 

in October and minima in March (lagging the sea-ice products by one month). Like SIA, the MMM 219 

SIV is biased low compared to all the sea-ice products, agreeing best with GECCO3. 220 

 221 
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 222 
Figure 1: Comparison of annual cycles of SIV, SIT and SIA of the circumpolar Antarctic. 223 

All the CMIP6 models are shown as grey lines, The Multi-Model Mean (MMM) is the 224 

black dashed line. GECCO3 in blue, GIOMASS in green, and Envisat-CryoSat-2/NSIDC in 225 

red. Grey shaded areas are +-1 standard deviation for the MMM. Scale: million km2 and 226 

thousand km3. 227 

 228 

Fig.1c shows that SIT has a different annual cycle than SIA and SIV. Its maximum occurs in February, 229 

which is observed across all the sea-ice products, except for GIOMAS, where the sea-ice maximum 230 

occurs one month earlier. The timing of the SIT minimum is more variable. For the synthesis 231 

products, the SIT minimum occurs at the beginning of the growth season, whereas for the satellite 232 

products it occurs during the retreating season. CMIP6 models can capture the thickness maxima 233 

in February and agree with the synthesis products in showing minima in the fall. However, there 234 

is considerable spread in the exact timing of the minimum, with the MMM minimum occurring in 235 

May, lagging the reanalysis products.  Most of the models simulate thicker sea-ice than the three  236 

sea-ice products during summer (between January-April) resulting in biases which considerably 237 

decrease for the synthesis products and increase for satellite datasets starting in May. A few 238 

models, namely the IPSL and EC-Earth3-models (characterized by significant warm Southern 239 

Ocean biases; Döscher et al., 2022), exhibit anomalously thick sea-ice (>3m) in February. This 240 

can be attributed to the dynamically-related reasons causing the drift and deformation of the ice. 241 

This thick ice is captured in these models mainly due to the well-resolved wind patterns 242 

(Vancoppenolle et al., 2009) which result in the sea-ice drift and accumulation of the multi-year 243 

ice which survives the summer melt and is found mainly in the Weddell Sector during February. 244 

Additionally, in models with NEMO-LIM3 sea-ice modules, such as IPSL- and the EC-Earth3-245 

models, the frazil ice formation dominates the total ice growth which may again lead to an 246 

accumulated SIT during February (Lie et al., 2021). By contrast, CNRM-models exhibit 247 

anomalously low thickness throughout the year. This is primarily due to high negative biases in 248 

their SIC simulations and their inability to realistically simulate thick sea-ice during the austral 249 

summer in the Weddell Sea (Voldoire et al., 2019). Moreover, these differences can be attributed 250 

to various factors, including the multiyear sea-ice surviving the summer melt (Worby et al., 2008), 251 

challenges associated with satellite retrieval of summer SIT (Kurtz and Markus, 2012), and the 252 

influence of dynamical wind patterns in CMIP6 models, resulting in excessive ridging (Lie et al., 253 

2021).  254 

Summer maxima in SIT vary between January and February depending on the sea-ice product used 255 

(Fig.1c). Such high SIT values during summer stand in contrast with the annual minima observed 256 

in other sea-ice variables. This SIT annual cycle results from the melt of first year ice in large areas 257 

in the seasonal ice zone so that only the thickest ice survives. In the beginning of the freezing 258 

a) b) c) 
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season, large areas are covered by newly formed first year ice, which reduces the mean freeboard 259 

compared to summer values (Schwegmann et al., 2016). Therefore, the highest average thickness 260 

in February is due to the compacted ice which survives the melt season (Kurtz & Markus, 2012; 261 

Worby et al., 2008; Xu et al., 2021). It is for this reason that the SIT seasonal cycles look very 262 

different from those of SIA or SIV. Therefore, to capture the sea-ice seasons based exclusively on 263 

the annual cycle of SIT, we conducted the analyses in Sect. 3.3 and 3.4 using February and 264 

September. 265 

The inter-model agreement also varies considerably between seasons and across variables. The 266 

inter-model spread of annual mean Antarctic SIT, SIV and SIA is 5.9 m, 20 thousand km3 and 16 267 

million km2 for the maxima and 1.8 m, 7.5 thousand km3 and 4 million km2 for the minima, 268 

respectively. Fluctuations in the inter-model spread are larger during fall and winter for SIV and 269 

SIA but shrinks during summers. By contrast, SIT has greater inter-model spread during summer 270 

and shrinks significantly from April-November. Notably, for most parts of the year, the inter-271 

model spread in SIT remains smaller than disagreements within the sea-ice products, owing to the 272 

overestimations in satellite product during the winter months. 273 

 274 

 275 

a)  b)  c)  

d)  e)  f)  
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276 

 277 

Figure 2: Anomalies for four seasons: Summer and Fall (Warm Seasons; a-f), Winter and 278 

Spring (Cold Seasons; g-l) of SIT (left), SIV (middle) and SIA (right) of the circumpolar 279 

Antarctic. All the CMIP6 models are shown as grey lines, Multi-model mean in dashed line, 280 

GECCO3 in blue, GIOMASS in green, and NSIDC/ Envisat-CS-2 in red. All the sea-ice 281 

products extend for the time-period 1979-2014 except for satellite products which are only 282 

available for 2002-2014.  283 

Next, we look at the seasonal trends in the anomalies of the three sea-ice variables (SIT, SIV and 284 

SIA) across different CMIP6 models and the sea-ice products. In general, CMIP6 models simulate 285 

negative trends in Antarctic SIA and extent (Roach et al., 2020 and Shu et al., 2020), which contrast 286 

with the observed positive trend until mid-2015 (Li et al., 2023; Shu et al., 2015; Turner et al., 287 

2013). Figure 2 demonstrates a similar pattern in the simulated SIT/SIV with a negative trend 288 

noticed across all the sea-ice variables. However, differences emerge in seasonal trends for 289 

different sea-ice products (blue lines for GECCO3; green for GIOMAS and red for the satellite 290 

products in Fig.2) starting in the early 2000s.  291 

In particular, significant positive trends in SIT/SIV are observed during the cooler seasons (winter 292 

and spring; Fig.2g-h,j-k), while no such trends (or very weak trends in SIV) are detected in the 293 

warmer seasons (Fig.2a-b,d-e). For SIA, small positive trends are observed during the warmer 294 

seasons (Summer and Fall), consistent with the previous studies (Martinson, 2012; Eayrs et al., 295 

2019), while these trends are markedly reduced during the cooler seasons. This reduction is 296 

attributed to the thermodynamic constraints imposed by the Southern Ocean polar front, which 297 

limits ice edge expansion during the colder months. The observed positive trends in SIT/SIV 298 

during winter and spring  imply that changes in Antarctic SIT may contribute to variability in total 299 

g)  h)  i)  

j)  k)  l)  
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sea-ice mass/volume during these colder months. This could be linked to the presence of robust 300 

land-ocean temperature gradients during winters, which may result in high-intensity winds, one of 301 

the significant contributors to SIT/SIV fluctuations in the Southern Ocean (Zhang, 2014). 302 

3.2 Future Projections under SSP5-8.5 (2015–2100) 303 

Since our study uses historical experiments in climate models which ends in 2014 (due to the cut-304 

off limits of the historical simulations), this section acknowledges the importance of assessing 305 

future sea-ice developments, particularly in the Antarctic where pronounced declines in the sea-306 

ice have been observed since 2016 (Eayrs et al., 2021; Raphael and Handcock, 2022; Wang et al., 307 

2022; Turner et al., 2022).  308 

 309 

 310 

 311 

a)  b)  

g)  h)  

d)  e)  

c)  

f)  

i)  
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 312 

Figure 3: Anomalies for four seasons: Summer and Fall (a-f; Warm Seasons), Winter and 313 

Spring (g-l; Cold Seasons) of SIT (left), SIV (middle) and SIA (right) of the circum-314 

Antarctic. All the CMIP6 models are shown as colored lines, and the Multi-model Mean in 315 

black line. The time-period is 2015-2100 for the SSP5-8.5 scenario. Since sea-ice products 316 

end in 2014, they could not be included here. Note that 3 models (namely ACCESS-CM-2, 317 

ACCESS-EM2-1 and CESM2-WACCM show slightly higher anomalies (especially for 318 

SIA), particularly evident during the cooler seasons (i and l).   319 

 320 

We examined the seasonal anomalies in sea-ice variables under the high-emission SSP5-8.5 321 

scenario for the period 2015–2100 (Fig. 3). The results are consistent with those in Fig. 2, showing 322 

pronounced seasonal trends in SIT, particularly during the cooler seasons (winter and spring). 323 

Under the warmer scenario, all CMIP6 models project a notable decline in SIT during these cooler 324 

months, while trends in SIT are largely absent during the warmer seasons (summer and fall). In 325 

contrast, SIV and SIA exhibit a persistent year-round decline, with negative anomalies becoming 326 

more pronounced from approximately 2060 onward (Fig. 3). 327 

When assessing the Antarctic sea-ice distributions in the post-2014 period, it is expected that under 328 

warming scenarios, models will show reductions in sea-ice owing to their response to increasing 329 

temperatures. However, our results reveal a seasonally asymmetric pattern of decline: SIA and 330 

SIV decrease persistently throughout the year, while SIT exhibits notable thinning only during 331 

cooler seasons. This indicates that the overall reduction in Antarctic sea-ice projected under 332 

warmer scenarios is likely driven by sustained losses in area and volume as actual thinning is not 333 

consistently observed across all seasons. Consequently, much of the reduction in simulated sea-334 

ice likely arises from changes in surface coverage rather than from widespread structural thinning. 335 

These projected declines also correspond well with the observed post-2016 record-low Antarctic 336 

sea-ice extents (Turner et al., 2017; Schlosser et al., 2018), indicating that the recent losses may 337 

represent the early onset of the long-term downward trend simulated under high-emission 338 

scenarios. Such consistency between observations and projections highlights the increasing 339 

vulnerability of the Antarctic sea-ice system to ongoing atmospheric and oceanic warming. Future 340 

studies are needed to investigate this in detail.  341 

 342 

3.3 Seasonal Variations and Inter-relationships 343 

An accurate spatio-temporal distribution of SIT is key to accurate estimates of SIA and eventually 344 

SIV distributions. It reflects the skill in simulation of local processes, coupled interactions and 345 

j)  k)  l)  
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energy transfer among the ocean below, the sea-ice, and the atmosphere above (Stroeve et al., 346 

2014). To estimate seasonal variations and evaluate the performance of the CMIP6 models in 347 

capturing the observed distribution of sea-ice variables, we plot the Taylor Diagrams (Fig.4) 348 

representing the spatial correlation coefficients, Root Mean Square Deviation (RMSD; not shown 349 

in the Figure but included in Tables S3-S5) and standard deviation among 39 models, and the three 350 

sea-ice products. We use the satellite dataset as the observation reference for SIT and SIV, 351 

calculating RMSDs and correlation values across the grids. For SIA, the reference dataset used is 352 

NSIDC. All the calculations were performed based on area-integrated spatial averages of reference 353 

datasets of SIT, SIV and SIA over the circum-Antarctic for February and September.  354 

 355 

 356 

 357 

Figure 4: Taylor Diagrams representing spatial correlation and standard deviation using 358 

time-averaged means between CMIP6 models and different sea-ice products. For each 359 

model and synthesis product, two statistics are plotted: the Pearson correlation coefficient, 360 

related to the azimuthal angle (blue contours); and the standard deviation viz proportional 361 

to the radial distance from the origin (black dotted contours). Black solid contour 362 

corresponds to the standard deviation of the reference dataset. Red dots represent 363 

individual CMIP6 models and green stars represent synthesis datasets. The period used for 364 

comparison is 2002-2014 for February (a,b,c) and September (d,e,f). For February (a and 365 

b), GECCO3 is not included as it had very small negative correlation coefficients. 366 

Reference datasets used for SIT/SIV and SIA are Envisat-CryoSat-2 and NSIDC, 367 

Sea-ice Thickness (SEP)       Sea-ice Volume (SEP)         Sea-ice Area  (SEP) 

Sea-ice Thickness (FEB)       Sea-ice Volume (FEB)         Sea-ice Area  (FEB) 
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respectively. Higher correlation coupled with a lower RMSD indicates greater accuracy of 368 

CMIP6 models in simulating the sea-ice variables. 369 

The correlation coefficients in Fig.4 range between 0.6-0.9 for all the variables in both the months 370 

(Tables S3, S4 and S5). Specifically, models tend to exhibit the highest variability in SIT, as 371 

indicated by higher RMSDs and standard deviation values that deviate significantly from those of 372 

the reference dataset (Fig.4a,d).  Both synthesis products (GIOMAS and GECCO3) show the 373 

highest variability and lowest correlations for SIT, indicating lack of agreement among different 374 

sea-ice products. Whereas the opposite is observed for SIA where most of the models and 375 

reanalysis products have a lower variability for SIA (Fig.4c,f) compared to SIV and SIT. When 376 

comparing the two months, lower variability and higher correlations are observed for all the sea-377 

ice variables in February (Fig.4a-c). In summary, the Taylor Diagram reveals that while most 378 

CMIP6 models demonstrate higher accuracy in simulating SIA and SIV (with high correlations 379 

and low RMSDs), their SIT simulations are less accurate. The widely spread standard deviations 380 

suggest considerable differences in how the models simulate internal variability in SIT, 381 

highlighting their underlying uncertainties in representing such variability. There also exists a 382 

disparity in their seasonal accuracy with models performing better during February across all the 383 

variables. 384 

385 
Figure 5: Scatter plots between the climatological means of SIT (y-axis) and SIA (x-axis) 386 

for CMIP6 models and Observations for the period (2002-2014) for February (red) and 387 

September (blue). The line of best fit represents the relationship between the two variables 388 

for selected months. Each small dot represents a model while the larger dots represent 389 

observations (Envisat-CryoSat-2 and NSIDC for SIT and SIA, respectively). The 390 

reanalysis/synthesis datasets are represented by triangles. The figure clearly demonstrates 391 

seasonal variations in magnitudes of both the variables.  392 

Given their better performance in simulating SIA, we further investigate whether or not this 393 

performance is correlated with SIT accuracy in individual CMIP6 models and the synthesis 394 

products. This evaluation has not been done before; however, examining this interrelationship will 395 

significantly enhance our understanding of sea-ice changes, which has so far been largely based 396 

on surface parameters such as SIA. Additionally, it will provide deeper insights into the 397 
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interpretation of existing historical records of surface sea-ice parameters in the Antarctic. For this, 398 

we compare the annual averages of SIT and SIA in models and the synthesis products using the 399 

satellite product as the observational reference (Fig.5). The comparison shows that SIA biases range 400 

between -2 to 2 million km2 during February and between -14 to 4 million km2 during September. 401 

In February, although SIT is at maximum, most models simulate thinner sea-ice with values below 402 

the satellite estimates of 3m. During September, the models consistently show thin biases with 403 

values ranging between 1-2m across all the models. 404 

Figure 5 also highlights how simulated SIA and SIT are differently related depending on the time 405 

of year (also evident in Fig.2-3). In summer, SIA and SIT biases are negatively correlated (Fig.5a; 406 

although we note that many models have very low SIA in February), and in winter they are 407 

positively correlated (Fig.5b). One possible way to explain this is that models with strong melt 408 

seasons result in low summer sea-ice cover in which only the thickest ice can survive. The reverse 409 

may be true for weaker melt seasons which may allow more, and thinner, ice to survive, leading 410 

to greater SIA made up of thinner ice. In winter, greater sea-ice freezing will lead to both thicker 411 

ice and a larger area, explaining the positive relationship between the SIA and SIT biases in Fig.5b. 412 

This contrasting seasonal relationship raises questions about whether SIA is a reliable predictor of 413 

SIT, which has significant implications for our understanding of sea-ice changes when based solely 414 

on SIA. Further studies are needed to clarify this. 415 

3.4 Seasonality in SIT Biases  416 

This section investigates the seasonality in SIT biases in both temporal and spatial dimensions 417 

across three sea-ice products, relative to the multi-model means (MMM) of the selected 39 CMIP6 418 

models. Figure 6 highlights the seasonality in SIT biases, showing patterns in biases with reference 419 

to the climatological SIT means across different months and sea-ice products. With respect to the 420 

satellite product, most models exhibit negative biases across all months, with the largest bias 421 

observed in March. For the two reanalysis/synthesis datasets, the simulated SIT MMM values, 422 

except for the February maxima, remain closer to the zero line (within the range of ±0.3m), 423 

indicating much smaller biases. 424 
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          425 

Figure 6: Seasonality in SIT biases (m) calculated as the difference between climatological 426 

means of MMM of 39 CMIP6 models and the three sea-ice products (2002-2014).  427 

 428 

This section further explores the spatial spread (measured by the standard deviation of the 429 

ensemble) in SIT and SIC biases, using three different sea-ice products for February (Fig.7) and 430 

September (Fig.8) over the period 2002-2014. In February, higher standard deviations are evident 431 

in the Amundsen-Bellingshausen Seas (ABS) and along the coastal edges of the Weddell Sea (blue 432 

shaded regions in Fig.7a), indicating greater model disagreement when compared to the sea-ice 433 

products during this month. These regional disagreements may result from dynamic processes such 434 

as sea-ice drift, melting, and freezing which are not accurately captured by the models. However, 435 

models generally show better alignment with reanalysis/synthesis products in February, as seen in 436 

the lower standard deviation values (shown in red), indicating improved agreement. 437 
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438 

439 
Figure 7: Variability of the Spatial Biases in CMIP6 Models (calculated as Standard 440 

Deviation of the difference between CMIP6 MMM and the three distinct sea-ice products); 441 

for the month of February in (a) SIT (m) and (b) SIC (%). 442 

In contrast to SIT, the spatial bias spread in SIC is larger (Fig.7b), but the pattern remains similar—443 

better model agreement (lower standard deviations) at the ice edges and in the inner Weddell Sea, 444 

while there exists poorer agreement (higher standard deviations) closer to the coasts. Figure 7b 445 

also helps to determine how SIC biases may contribute to standard deviations observed in the SIT 446 

biases. For instance, the regions of higher model disagreements in SIT that coincide with the high 447 

SIC standard deviations suggest that model errors in locating the ice edge may also influence the 448 

spread of actual thickness and vice versa. Therefore, when models misplace the ice edge, they 449 

might overestimate or underestimate SIT in those regions. In February, the model disagreements 450 

in the SIT biases near the ABS and the coastal edges of the Weddell (blue regions in Fig.7a)  451 

coincide with higher standard deviation values in SIC bias spread (Fig.7b) in the same regions, 452 

especially along the southern Weddell coast. This suggests that some of the SIT biases in these 453 

regions could be a result of misrepresentation of the ice edge in models, rather than true variations 454 

in actual thickness. 455 

 456 

In September, there is an overall lower bias spread in SIT across most of the Antarctic region, 457 

except for localized areas along the sea-ice edge where model disagreement is more pronounced, 458 

particularly in the ABS and the Eastern Antarctic, and the coastal edges of the Weddell Sea along 459 

the Antarctic Peninsula (Fig.8a). When comparing across all the sea-ice products, a relatively 460 

higher standard deviation value is noticed in most of the Antarctic regions with respect to the 461 

satellite product (Fig.8a). This can be attributed to the satellite product’s exaggerated SIT values 462 

for September which most models are unable to simulate, leading to greater model disagreements.   463 
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464 

465 
Figure 8: Variability of the Spatial Biases in CMIP6 Models (calculated as Standard 466 

Deviation of the difference between CMIP6 MMM and the three distinct sea-ice products); 467 

for the month of September in (a) SIT (m) and (b) SIC (%). 468 

 469 

Figure 8b shows SIC bias spreads for September, where much of the Antarctic region displays low 470 

standard deviation values. However, the sea-ice edge remains an area of higher model 471 

disagreement, similar to the SIT patterns, suggesting that while the ice interior is well-represented, 472 

models continue to struggle with accurately locating the ice edge. The correlation between SIC 473 

and SIT bias spreads is again observed in September, where model disagreements along localized 474 

ice edges occur in both variables, indicating that SIT biases in CMIP6 models may stem, in part, 475 

from uncertainties in where the ice edge is located. However, along the coastal edges of the 476 

Antarctic Peninsula, the lower SIC standard deviation values compared to that of SIT suggest that 477 

the model disagreements in SIT are more likely driven by the differences in how models simulate 478 

dynamic processes (e.g., the Weddell gyre and its role in sea-ice dynamics) rather than by 479 

inaccuracies in the ice edge representation. The following section addresses this in more detail 480 

across individual models.     481 

 482 

3.5 Spatial Distributions of SIT  483 

In this section, we perform a spatial comparison for circum-Antarctic SIT across 39 individual 484 

CMIP6 model ensembles using different sea-ice products as observational references. However, 485 

we only discuss in detail GIOMAS as the observational reference. Here, GIOMAS is selected for 486 

a detailed discussion instead of other sea-ice products, primarily due to its relative overall closer 487 

agreement with the models (See Sec.3.1) and the very high SIT biases observed in the satellite 488 
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products during September (Fig.6 and S1). In general, during both the months the mean spatial 489 

distribution of SIT in models shows lower biases with respect to the reanalyses/syntheses when 490 

compared to the satellite product (See Sect.3.4). GECCO3 produced results comparable to the 491 

GIOMAS reanalysis product (not shown). Although GIOMAS displays an earlier seasonal 492 

maximum, the MMMs exhibit the lowest biases relative to GIOMAS for this month, compared to 493 

GECCO3 and satellite-derived products (Fig.6). 494 

Spatially, the satellite as well as the reanalysis/synthesis products show that thickest sea-ice resides 495 

in the western Weddell Sea along the Antarctic Peninsula and along the coastal edges of the ABS-  496 

in the form of multi-year ice (Fig.9 and S1). There is relatively thinner sea-ice observed in the 497 

eastern Antarctic (Kurtz & Markus, 2012). Our analysis reveals that most of the CMIP6 models 498 

capture a similar spatial pattern in SIT around the Antarctic however, they do exhibit biases and 499 

underestimate SIT (Fig.9 and Fig.S1-S3). In February, over half of the models simulate thinner 500 

sea-ice in the Weddell Sea compared to the GIOMAS product (Fig.S2) while thin biases relative 501 

to the satellite products are simulated almost across all the models (Fig.S3). On the circum-502 

Antarctica scale, about 38% of the models simulate thicker ice compared to GIOMAS, with only 503 

5 out of 39 models showing SIT greater than that estimated by satellite products. 504 

 505 

 506 

 507 

 508 

 509 
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  510 

 511 

  512 
 513 

                                514 
Figure 9: Spatial Biases of SIT averaged over 2002 to 2014 (September) for 39 CMIP6 515 

models from the reference dataset: GIOMAS. The last three plots show the time averaged 516 

SIT for the three sea-ice products. The red contours represent the sea-ice edge. 517 

 518 

The spatial patterns of SIT in September (Fig.9) show anomalously thick ice (>3m) in some CMIP6 519 

models primarily in two regions: an elongated tongue of thickest sea-ice extending northward from 520 

the northwest Weddell Sea along the Antarctic Peninsula and, the other is around the sea-ice edge. 521 

The distinctive tongue-like pattern may be attributed to a prominent feature in the Weddell Sea 522 

called the Weddell Gyre (Vernet et al., 2019). This mechanism contributes significantly to the 523 

regional sea-ice dynamics in the form of an apparent westward ice motion in the southern Weddell 524 

Sea. As a result, ice convergence occurs in the southwestern Weddell, causing dynamic thickening 525 

(Shi et al., 2021). Multiple models, including IPSL-CM6A-, EC-Earth3-, NorCPM1, and 526 

ACCESS-models, which captured this tongue of thick sea-ice, also effectively captured the 527 

Weddell Gyre through their well-developed sea-ice velocity vectors (not shown). This is one of 528 

the primary reasons why these models simulate excessively thick ice along the Peninsula (Li et al., 529 

2021). A similar spatial pattern in SIT was also observed using ICESat measurements (Holland & 530 

Kwok, 2012) and in simulations from an ocean-sea-ice model in the Southern Ocean (Holland et 531 

al., 2014). 532 

The other region of thick sea-ice bias is the sea-ice edge (Fig.9). It’s interesting to note that the 533 

CMIP6 models that have exhibited better performance in simulating Antarctic SIA, such as 534 

CESM2-, NorESM2-, and ACCESS-models (Holmes et al., 2019; Li et al., 2023; Roach et al., 535 

2020; Uotila et al., 2014) show positive thickness anomalies/biases all around the sea-ice edge 536 

during September, north the 15% SIC interval. A potential explanation for this could be through 537 

combinations of changes in air-ice drag and the direction of cold or warm-air advection. These 538 

may result in northward wind stress causing the sea-ice to drift, transport and accumulate causing 539 
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dynamic convergence at the sea-ice edge (Singh et al., 2021; Holland et al., 2014; Holland & 540 

Kwok, 2012). Another reason could be the high-intensity ocean-wave fields linked to the Southern 541 

Ocean which deeply infiltrate the marginal ice zone. This penetration induces alterations in 542 

thickness distribution through processes like rafting and ridging, especially in the vicinity of the 543 

ice edge (Langhorne et al., 1998). In any case, the simulated sea-ice at the ice edge is much thicker 544 

than observed and further study is required to eliminate modeling error as its cause.  545 

Among the CMIP6 models, there are two clear patterns that emerge across the smaller subsets 546 

(Fig.9): First, a general “thin” bias in the models which is observed throughout the ice pack at all 547 

longitudes, coupled with a “thick” bias in the marginal ice zone/ice edge (as seen in CESM2, 548 

NorESM2, and ACCESS), likely reflecting the net northward transport of Antarctic sea-ice. 549 

Second, another smaller subset of models (such as IPSL, SAM0-UNICON, NorCPM1, CESM2, 550 

and CanESM5) which exhibit more zonally assymmetric biases, providing distinct signatures of 551 

the Ross and Weddell gyres—particularly in the form of thick ice at the outflow and thin ice at the 552 

inflow. Both modeled patterns underscore the importance of sea-ice dynamics and invites further 553 

investigation. 554 

Additionally, Fig.9 and S1-S3 depict varying model spreads in SIT simulations with noticeable 555 

differences in their spatial biases and distributions. These variations are largely driven by 556 

differences in parameterization schemes and the representation of underlying physical processes 557 

across the models. While these discrepancies affect the accuracy of SIT simulations, a detailed 558 

examination of each model’s parameterization and physics is beyond the scope of this study. Our 559 

primary focus is on the broader evaluation of the spatial distribution of SIT across the models and 560 

their comparison to observational and synthesis datasets.  561 

In summary, all models tend to underestimate SIT and produce relatively thinner sea-ice during 562 

both September and February. These negative biases are more pronounced in September and much 563 

less pronounced in February. When comparing among the reference products, models simulate 564 

SIT closer to the reanalysis reference, i.e. GIOMAS, in both months with about 50% of the CMIP6 565 

models (20 out of 39) having their mean spatial biases between +/-0.5m. Notably, one of our 566 

comparisons uses satellite products, which exhibit some uncertainties in estimating SIT in the 567 

Southern Ocean, particularly showing thicker values in September. Therefore, models displaying 568 

even greater positive biases (>1m) in September compared to the satellites (Fig.S1) may be 569 

simulating excessively thick sea-ice, potentially presenting a false picture of future Antarctic sea-570 

ice changes. 571 

 572 

4. Discussion 573 

Antarctic sea-ice thickness (SIT) exhibits a seasonal cycle different from other surface sea-ice 574 

parameters with its maxima observed in February, when only the thickest multi-year ice survives 575 

the melt season. CMIP6 models generally capture this behavior, successfully simulating peak 576 

thickness in February. This agreement at summer maxima suggests that model thermodynamics 577 

allow a remnant of thick ice to persist through austral summer, similar to observations. During 578 

winter growth, however, Antarctic ice remains relatively thin on average. The thickness minimum 579 

occurs in late fall or early winter, depending on the type of SIT dataset.   580 

Besides the thermodynamic factors, the observed discrepancies in the CMIP6 models with 581 

different sea-ice products can be due to a variety of factors such as model parameterizations and 582 
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tuning, snow ice interactions or other sea-ice processes. CMIP6 models generally capture the 583 

spatial pattern of thicker coastal ice versus thinner ice elsewhere, but they tend to underestimate 584 

the absolute thickness in these deformed-ice regions (~58% less than satellite-based estimates; 585 

Hou et al., 2024). This bias points to limitations in model dynamics: if ridging schemes or ice 586 

strength parameters are not adequately representing pressure ridge formation, models will produce 587 

too little thick ice. Moreover, the ice thickness distribution in models is sensitive to mechanical 588 

parameters– e.g. the compressive strength and the number of thickness categories –which control 589 

how readily ice converges into thick ridges (Nie et al., 2023). Numerical experiments confirm that 590 

increasing the number of ice thickness categories or a higher horizontal model resolution improves 591 

the simulation of thick ice: more categories allow a better representation of high-thickness tails 592 

from ridging and finer grids reduce artificial numerical diffusion of ice thickness.  593 

Model parameter tuning can also impact thickness. Sea-ice models are often tuned to get realistic 594 

ice extent or concentration, which can indirectly affect SIT. For instance, adjusting albedo or ice 595 

strength to match observed ice area might cause models to grow ice either too thick or too thin as 596 

a side effect. Similarly, the GIOMAS reanalysis (with ~0.8° grid and concentration assimilation) 597 

is also known to underestimate thickness in deformed ice areas, partly due to smoothing and 598 

assimilation removing thick ice (Liao et al., 2022). This underestimation is echoed in many CMIP6 599 

models. Studies of Arctic sea-ice in models have shown that tuning ice strength and improving ice 600 

drift physics can reduce biases in ice thickness and extent. In the Antarctic, this means capturing 601 

features like the persistent Weddell Gyre (which retains most of the multi-year ice) and properly 602 

accounting for wave-induced ice break-up and floe size effects in the outer pack. Improving sea-603 

ice dynamics in models (ridging parameterizations, drag coefficients, and interactions with ocean 604 

currents) is essential for simulating the observed thick ice in convergence zones. Model biases in 605 

atmosphere or ocean state can also translate into SIT biases, depending on how the sea-ice model 606 

is tuned. Therefore, diagnosing thickness biases requires careful attention to model configuration: 607 

ice strength parameters, snow thermal conductivity, melt pond and albedo schemes (both in the 608 

Arctic and Antarctic), and ocean mixing coefficients all may be tuned to some degree. Going 609 

forward, studies recommend reducing the need for ad-hoc tuning by improving physical realism– 610 

for example, ensuring accurate coupling of ice with atmosphere/ocean momentum and heat fluxes 611 

(Nie et al., 2023). In Arctic simulations, better coupling (e.g. improved ice–ocean drag and air–ice 612 

drag) was shown to reduce sea-ice bias, which may apply in the Antarctic as well. 613 

High snowfall rates on thin sea-ice can lead to snow loading and flooding: the weight of snow 614 

depresses the ice floe, allowing seawater to inundate the snow layer, which subsequently freezes 615 

into snow-ice. Observations indicate that the snow-ice formation occurs across all Antarctic sectors 616 

during the growth season, contributing significantly to total ice thickness (Maksym and Markus, 617 

2008). Climate models that include this process can build additional ice mass on top of the original 618 

ice, thickening the ice cover despite the insulating effect of snow. If a model omits or poorly 619 

parameterizes snow-ice formation, it will likely underestimate SIT, especially in heavy snowfall 620 

regions. At the same time, a deep snowpack insulates the ice from cold air, reducing basal ice 621 

growth. The net effect on SIT is a balance: more snow can mean slower growth, but also more 622 

snow-ice added. Model sensitivity studies confirm that uncertainties in snow processes strongly 623 

affect simulated SIT. For instance, altering the prescribed snow depth or thermal properties can 624 

change modeled SIT by about 10cm to nearly a meter (Nie et al., 2023). As mentioned in Sect. 2.1, 625 

snow cover is also a key factor in satellite thickness retrievals, which helps explain why models 626 

compare differently to satellite observations versus reanalyses in opposite seasons.  627 
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The presence of model deviations can hamper our understanding of climate-sea-ice interactions as 628 

well as biological feedback between the oceans and climate. For instance, due to the existing 629 

relationships between SIT and sea-ice motion, biases in the simulated thickness will also affect the 630 

dynamics in the models which in turn will impact our understanding of the overall Antarctic sea-631 

ice trends in the models (Lecomte et al., 2016; Sun and Eisenman, 2021). Additionally, lower SIT 632 

could create the misleading impression of lower albedo and increased light penetration, 633 

subsequently leading to increased Primary Production (Jeffery et al., 2020). Our study does not 634 

explore the reasons behind such continued biases in CMIP6. However, there are a variety of 635 

potential explanations (besides ones explained above) which may include cloud effects (Kay et al., 636 

2016; Zelinka et al., 2020), spatial resolution that does not permit eddies, which are understood to 637 

be highly important for representation of Southern Ocean dynamics (Poulsen et al., 2018; Rackow 638 

et al., 2019), models lacking grounded icebergs as landfast ice (Fraser et al., 2023), biases in 639 

Southern Ocean stratification (Martinson and Iannuzzi, 1998), and temperature (Luo et al., 2023) 640 

and, the lack of coupled ice sheet interactions, which have relevance for the entire Antarctic 641 

climate system (Bronselaer et al., 2018; Golledge et al., 2019; Purich & England, 2023).  642 

 643 

5. Conclusions 644 

Given the current context of recent extreme sea-ice loss, it is imperative to develop predictions 645 

regarding Antarctic sea-ice behavior to enhance our understanding of its future variability and 646 

response to climate change. For this we need reliable SIT estimates along with the surface sea-ice 647 

variables, to assess the absolute changes in the global sea-ice cover. However, due to the lack of 648 

long-term, high-quality observation datasets, assessing Antarctic SIT and its climatic response 649 

remains challenging.  650 

While GCMs offer a valuable solution to the above challenge, there is an understanding that they 651 

do not yet accurately simulate SIT and SIV. However, it is still necessary to see how well they 652 

perform even if only to understand where more work is needed. Therefore, despite existing 653 

limitations, this study undertook a comprehensive evaluation of Antarctic SIT and SIV by 654 

comparing historical simulations of 39 CMIP6 model outputs with three different sea-ice products. 655 

This comparison demonstrates that models can provide longer timescales of SIT data, which, when 656 

compared with observations-based sea-ice estimates (and accounting for their limitations), can 657 

enhance our understanding of Antarctic sea-ice. To place the historical findings in a broader 658 

climate context, we examined future projections under the high-emission SSP5-8.5 scenario 659 

(2015–2100). The projections indicate pronounced SIT declines confined primarily to the cooler 660 

seasons (winter and spring), whereas SIV and SIA exhibit a persistent, year-round decrease, with 661 

negative anomalies intensifying after approximately 2060. These results provided valuable 662 

insights into how the observed post-2016 declines may evolve in a warming climate and help link 663 

present-day variability to long-term Antarctic sea-ice vulnerability. Notably, the inclusion of 664 

simulated SIT and its variability in our analysis also reveals complex and, at times, unexpected 665 

behavior that does not always mirror changes in SIA or volume, underscoring the need for a more 666 

nuanced understanding of Antarctic sea-ice responses in a warming climate. 667 

An accurate modeling of climatological mean sea-ice cover in the GCMs is an initial step and a 668 

necessary condition for accurate projections (Holmes et al., 2022). In line with this, our study 669 

shows that most CMIP6 models can simulate the timing of annual cycles of all the sea-ice variables 670 

much like the sea-ice products. For SIT, the greatest agreement is observed during the maximum 671 
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in February, when the Southern Ocean retains the thickest sea-ice, consisting of very thick ice that 672 

survives the summer. However, models fail to capture the SIT minima as observed in the satellite 673 

products and instead align more closely with the synthesis estimates (GIOMAS and GECCO3), 674 

with the minima of both models and synthesis estimates occurring in May. For SIV, the CMIP6 675 

MMM-based annual maxima are lagged by 1 and 2 months compared to the satellite products and 676 

GIOMAS, respectively. The closest agreement in the annual cycles between models and sea-ice 677 

products is seen in SIA. Despite this alignment, when examined numerically, the models 678 

substantially underestimate the annual cycles across all the variables, with relatively lower biases 679 

occurring in SIA. Biases in the modeled cycles of SIV and SIA are higher in April-October, with 680 

greater inter-model spreads in fall-winter. Conversely, SIT inter-model spreads are higher during 681 

November-March but exhibit relatively lower biases compared to the satellite dataset. CMIP6 682 

models continue to simulate negative trends in Antarctic SIT/SIV, contrary to the observed 683 

positive trends, until mid-2015. Additionally, we observe positive trends in SIT/SIV during the 684 

cooler seasons, which are absent in SIA. These positive trends may be due to intensified seasonal 685 

winds during the cooler seasons and further imply that the variability in total sea-ice mass in these 686 

months could be influenced by thickness/volume changes. We also examined seasonal variations 687 

in sea-ice correlations, showing positive (negative) relationships between SIA and SIT during 688 

September (February). Such seasonal covariances suggest that surface sea-ice parameters such as 689 

SIA may be weak predictors of SIT. This in turn can have significant implications for our 690 

understanding of absolute sea-ice changes in the Antarctic when based solely on SIA. Investigating 691 

the reasons for such covariances is outside the scope of this study.  692 

This study compares the SIT biases using the multi-model means, where we show that model 693 

results are closer to the reanalysis/synthesis datasets both over both space and time. The spatial 694 

variability of sea-ice biases in CMIP6 models highlights certain challenges in accurately capturing 695 

both SIT and SIC, especially near the ice edges. Models exhibit greater disagreement in regions 696 

influenced by dynamic processes like ice advection, melting, and freezing, while better agreement 697 

is seen in areas with multi-year sea-ice and inner ice packs. The variability in SIT biases is found 698 

to be closely linked to uncertainties in the model representation of the ice edge, suggesting that 699 

improvements in capturing both the dynamic processes and the correct ice edge location could 700 

enhance model performance in simulating sea-ice cover in these areas. 701 

While many CMIP6 models simulate spatial SIT patterns similar to the three sea-ice products, they 702 

generally tend to underestimate SIT, especially during September. Intriguingly, certain models 703 

display anomalously thick sea-ice along the Peninsula and around the sea-ice edges, even greater 704 

than the reference dataset. A potential explanation for the observed thick ice in the Weddell can 705 

be the presence of fast-ice (i.e., sea-ice pinned to the coast or grounded icebergs). Such thicknesses 706 

observed around the Antarctic Peninsula in Fig.9 significantly exceed what is expected from 707 

atmospheric heat loss alone, suggesting the presence of fast ice (Fraser et al., 2023). However, we 708 

note that the GCMs do not simulate such landfast ice prognostically. Hence, accumulation of thick 709 

ice in this region, as depicted in the models, is likely driven by dynamic processes such as winds 710 

or drift, leading to ice piling up against the Antarctic Peninsula. Considering the above findings, 711 

we anticipate that future studies will investigate these aspects with respect to Antarctic SIT. 712 

Addressing such model biases could be initial steps in further improving the representation of 713 

dynamic processes in sea-ice, climate, and biogeochemical models, ensuring their accurate 714 

predictions. Understanding the biases in sea-ice parameters and physical mechanisms behind these 715 

constraints will lead to improvement in the reliability of sea-ice projections and increase confidence 716 

in our understanding of what controls the rate of Antarctic sea-ice loss. Therefore, our research 717 
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addresses a critical knowledge gap of understanding and modeling of Antarctic SIT and the 718 

dynamics involved in shaping its temporal and spatial distributions using the long-term coupled 719 

climate simulations. 720 
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