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Abstract. Antarctic sea ice has undergone unprecedented changes in recent years, marked by a stepwise shift from long-term 

expansion to rapid decline since 2016. Yet the underlying processes remain poorly understood due to the complex interplay 

of dynamic and thermodynamic drivers. Using an ascendant data mining framework, we objectively classify sea ice into 

distinct process-based regimes during the growth season in the NEMO-SI3 model. Six robust regimes with unique 15 

combinations of dynamic and thermodynamic drivers are identified. We reveal that a coastal regime, characterized by strong 

dynamic divergence and compensating thermodynamic ice growth, has experienced significant area loss since 1979, 

accelerating after 2016, potentially reflecting weakened new ice formation. Meanwhile, sea ice extent anomalies closely 

correlate with both the coastal and a pack ice regime, highlighting their dominant role in overall sea ice variability. By 

capturing physically consistent sea ice regimes, our work offers a new process-based perspective for understanding Antarctic 20 

sea ice variability and its unprecedented recent changes. 

1 Introduction 

Antarctic sea ice is a key component of the global climate system, substantially influencing ocean-atmosphere interactions 

(Søren et al., 2011; Ayres et al., 2022), ice-shelf stability (Massom et al., 2018; Kusahara et al., 2023), global ocean 

circulation (Li et al., 2023; van Westen et al., 2024), and polar ecosystems (Lim et al., 2023; Swadling et al., 2023). Over the 25 

past 45 years, total Antarctic sea ice extent (SIE) first exhibited a gradual increase until 2015 (Parkinson, 2019), and then 

displayed a sharp decline followed by record-low austral summer minimums in 2017, 2022 and 2023 (Turner and Comiso, 

2017; Wang et al., 2022, 2024). Meanwhile, the winter maximum SIE reached its lowest level in 2023 (Jena et al., 2024) and 

second lowest in 2024. These substantial post-2016 decreases in Antarctic SIE highlight the need to uncover the mechanisms 

driving those changes to better interpret extreme states and to improve projections of the future evolution of sea-ice. 30 

However, there is currently no consensus on whether these changes are primarily driven by thermodynamic or dynamic 
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processes (Meehl et al., 2019; Zhang et al., 2022; Schroeter et al., 2023; Espinosa et al., 2024; Himmich et al., 2024). To 

address this uncertainty, we conduct a process-based analysis of sea ice variability across different spatial and temporal 

scales and develop a regime-identification framework to diagnose the physical drivers. 

 35 

Dividing Antarctic sea ice into specific sub-regions allows for a unified analysis of sea ice regimes within areas where sea 

ice characteristics are similar, while also facilitating more precise comparisons across these sub-regions. Geographical 

divisions (e.g. the Weddell Sea, the Indian Ocean, the western Pacific Ocean, the Ross Sea, and the Bellingshausen-

Amundsen Seas) have provided valuable insights. The regionality of Antarctic sea ice is highly pronounced, with for 

instance generally opposing trends between the Ross Sea and the Bellingshausen-Amundsen Seas (Liu et al., 2004; Comiso 40 

et al., 2017). However, this division may not be suitable for all research contexts, as has been demonstrated for the present 

ocean circulation (Sonnewald et al., 2023), and could overlook coherent regimes shaped by underlying physical processes or 

variability patterns across sectors. Alternative approaches, such as those based on sea ice variability (Raphael and Hobbs, 

2014), provide an additional perspective to the geographical framework. 

 45 

New advances in data mining techniques, particularly clustering algorithms, offer innovative solutions to the challenge of 

objectively describing sea ice regimes. In complement to analyses based on geographical divisions, these methods can 

enhance our understanding by identifying spatial patterns with consistent dynamic and thermodynamic characteristics, 

thereby offering a process-based view of Antarctic sea ice variability (Sonnewald et al., 2023). By applying appropriate 

clustering methods, it is possible to explore nonlinear and complex datasets and reveal underlying patterns that are often 50 

obscured by traditional approaches. Unsupervised clustering techniques have proven effective in analyzing the Antarctic 

processes. For example, Wachter et al. (2021) used the “dkmeans” clustering to describe variability in annual cycles of sea 

ice concentration and their spatial distribution. Gaussian mixture modeling has been employed to objectively identify the 

location of regimes around the Antarctic margins (Sohail and Zika, 2024). Moreover, “k‐means” clustering has been applied 

to sea ice data simulations to separate the marginal ice zone from the inner ice pack (Day et al., 2024). Despite these 55 

advances, these methods generally require the number of clusters to be specified and assume clusters have regular shapes 

(e.g., spherical or elliptical). In contrast, our study employs the DBSCAN (Density-Based Spatial Clustering of Applications 

with Noise) clustering algorithm, combined with UMAP (Uniform Manifold Approximation and Projection) manifold 

methodology and uncertainty estimates, to identify arbitrarily shaped clusters without predefining the number of clusters, 

described further below.  60 

 

The way we apply our machine learning framework is designed to transform traditional empirical leading order analysis into 

an objective approach. By incorporating sea ice budget components into clustering analysis, we can capture key processes 

such as sea ice formation, melting, dynamic transport and redistribution, and provide deeper insights in understanding the 

https://doi.org/10.5194/egusphere-2026-1301
Preprint. Discussion started: 7 April 2026
c© Author(s) 2026. CC BY 4.0 License.



3 
 

mechanisms driving sea ice change. This process-based methodology enables an objective analysis of the sea-ice mass 65 

balance, offering unprecedented ability to quantify Antarctic sea-ice changes and their recent shifts. 

 

It is important to distinguish between the ‘regimes’ defined here (i.e., characteristic modes of sea ice variability associated 

with specific dynamic and thermodynamic processes) and the ‘regime shift’ concept discussed in recent studies, which 

suggests that Antarctic sea ice has entered a new state marked by more extreme events (Raphael and Handcock, 2022; Purich 70 

and Doddridge, 2023; Schroeter et al., 2023; Hobbs et al., 2024). While these studies primarily identify shifts in the mean sea 

ice state or increased sea ice variability over the past decades, our work focuses on uncovering spatially distinct sea ice 

regimes at a given time. However, the temporal ‘regime shift’ may result from changes in the location and magnitude of our 

spatially defined regimes. 

 75 

Our framework is the Native Emergent Manifold Interrogation (NEMI) method (Sonnewald, 2023), an ascendant data 

mining workflow designed for noisy and nonlinear datasets, on Antarctic sea ice mass balance components simulated by an 

ocean–sea ice model. The NEMI method is particularly effective at strengthening associations among the input variables and 

quantifying the uncertainties of the clustering results (Sonnewald, 2023; Jenniges et al., 2025). By scaling, embedding, and 

clustering the sea ice budget components from the NEMO-SI³ ocean–sea ice coupled model during the growth seasons from 80 

1979 to 2023, we aim to objectively and stably identify dominant sea ice regimes based on their dynamic and 

thermodynamic behaviors. In addition, the NEMI workflow allows for the estimation of uncertainty, providing stability 

measures for the identified regimes. The growth season was chosen as it represents a critical period when sea ice formation 

and associated processes are most active, allowing us to have a first glimpse of how sea ice regimes are determined by 

dynamic and thermodynamic processes. In contrast, during the melt season, the clustering results show decreased stability 85 

and reduced interpretability (Figure S1-S3), consistent with previous findings that dominant processes are different during 

growing and melting seasons, and models generally perform less reliably for Antarctic sea ice in this period (Eayrs et al., 

2019; Goosse et al., 2023). 

2 Methods 

2.1 NEMO-SI3 configuration and evaluation 90 

Focusing on the Antarctic sea ice budget components at a circumpolar scale, we use the ocean-sea ice model NEMO-SI3 

v4.2.0 in a regional Southern Ocean configuration with a 1/4° (~12 km) resolution. The SI3 (Sea Ice modelling Integrated 

Initiative), is a dynamic-thermodynamic continuum sea ice model (Rousset et al., 2015), directly integrated on the NEMO 

(Nucleus for European Modelling of the Ocean) ocean grid (Madec et al., 2024). The eANT025 configuration includes the 

sea ice region, the Southern Ocean, ice shelves, and has a single boundary at 30 °S. The settings, along with the atmospheric 95 

(ERA5) (Hersbach et al., 2020) and oceanic (ORAS5) (Zuo et al., 2019) forcings, align with those described by Pirlet et al. 
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(2025), with the exception that no correction for snow precipitation was necessary for this study. Based on the configuration, 

we conducted a simulation for the period 1979-2023, initialized from rest using ocean temperature and salinity from the 

WOA2018 climatology (World Ocean Atlas 2018) (Locarnini et al., 2018; Zweng et al., 2019). 

 100 

The modeled climatological (average over 1981-2010) sea ice concentration (SIC) and sea ice thickness (SIT) fields have 

been evaluated against SIC observations from the National Snow and Ice Data Center (NSIDC) and SIT reanalyses from the 

Global Ice-Ocean Modeling and Assimilation System (GIOMAS) (Figure S4). The 25 km monthly SIC observations are 

based on passive microwave measurements from the Nimbus-7 SMMR and DMSP SSM/I-SSMIS instruments that are 

processed with the NASA Team algorithm (DiGirolamo et al., 2022). The monthly GIOMAS SIT reanalyses are based on 105 

the results of the global Parallel Ocean and Sea Ice Model (POIM) with data assimilation capabilities (Zhang and Rothrock, 

2003). Our model simulates a climatological SIC distribution comparable to observations during the growth season (Figure 

S4a-b), despite some underestimations in the Weddell and Amundsen Seas, and overestimations elsewhere (Figure S4c). As 

for SIT simulations, our model generally underestimates SIT compared with GIOMAS. However, it effectively captures the 

thick ice in the western Weddell Sea and along the coast of Amundsen Sea as GIOMAS.  110 

 

As our study focuses on the growth season (defined here as March-September), we also analyze the spatial correlation 

between observed and modeled SIC (Figure S5a), averaged over March–September from 1979 to 2023. The map reveals a 

significant mean correlation of 0.69. Our model captures the slight increase in SIE before 2016 and the sharp decrease 

afterward, showing a significant correlation of 0.68 from 1979 to 2023 (Figure S5b). Overall, the model is adequate to 115 

provide sea ice budget components during the growth seasons. 

2.2 Sea ice mass balance components 

The sea ice mass balance in the NEMO-SI3 model is represented by the following equation: 

𝑣𝑓𝑥!"# = %𝑣𝑓𝑥$%& + 𝑣𝑓𝑥$%' + 𝑣𝑓𝑥()' + 𝑣𝑓𝑥(*!' + %𝑣𝑓𝑥%+, + 𝑣𝑓𝑥-.'' + %𝑣𝑓𝑥/0+ + 𝑣𝑓𝑥12*' 

+𝑣𝑓𝑥+*1 + 𝑣𝑓𝑥()$ + 𝑣𝑓𝑥()$#00 + 𝑣𝑓𝑥0#( (1) 120 

 

The definition of each component is introduced in Table 1. For the growth season analysis, we focus on the primary budget 

components as data input. We refer to the sum of 𝑣𝑓𝑥$%&, 𝑣𝑓𝑥$%', 𝑣𝑓𝑥()', 𝑣𝑓𝑥(*! as “vertical thermodynamics”, to the 

sum of 𝑣𝑓𝑥%+, and 𝑣𝑓𝑥-.' as “horizontal thermodynamics”, and to the sum of 𝑣𝑓𝑥/0+ and 𝑣𝑓𝑥12* as “dynamics”. Although 

most thermodynamic processes are vertical in the real world, 𝑣𝑓𝑥%+,  and 𝑣𝑓𝑥-.'  are categorized as “horizontal 125 

thermodynamics” due to their spatial redistribution effects at the ice–open water boundary from the model’s perspective, in 

contrast to purely vertical fluxes such as surface/basal growth/melt. The remaining components are excluded from the 
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analysis since their magnitudes are on average 1-2 orders smaller than the smallest values of the former components and they 

have little impact on the clustering result. 

 130 

Table 1. Definitions of the sea ice mass budget components in the NEMO-SI3 model (Unit: kg m-2 s-1). 

 Mass budgets Definition 

 𝑣𝑓𝑥!"# Sea ice mass flux from ice melt/growth 

Vertical thermodynamics 

𝑣𝑓𝑥$%& Ice bottom growth 

𝑣𝑓𝑥$%' Ice bottom melt 

𝑣𝑓𝑥()' Ice surface melt 

𝑣𝑓𝑥(*! Snow-ice formation 

Horizontal thermodynamics 
𝑣𝑓𝑥%+, Ice growth in open water 

𝑣𝑓𝑥-.' Ice lateral melt 

Dynamics 
𝑣𝑓𝑥/0+ Ice mass transport 

𝑣𝑓𝑥12* Ice dynamics (ridging) 

 𝑣𝑓𝑥+*1 Ice melt ponds 

 𝑣𝑓𝑥()$ Ice sublimation 

 𝑣𝑓𝑥()$#00 Unbalance in sublimation 

 𝑣𝑓𝑥0#( Undiagnosed processes 

2.3 NEMI methodology 

The Native Emergent Manifold Interrogation (NEMI) method is applied on Antarctic sea ice budget components. NEMI is 

an ascendant data mining workflow designed for the noisy and nonlinear datasets, common in Earth science. Through 

applying a manifold methodology that maps the underlying relationships within the data, NEMI is able to strengthen 

associations and simplify the covariance structures within the datasets. This is achieved by minimizing an objective function 135 

that can be adjusted towards either local or global properties in the data. Once the data is mapped onto this lower-

dimensional manifold, referred to as an embedding, a suitable clustering method is used to highlight areas of interest. To 

ensure the robustness of the results, NEMI incorporates an ensemble technique that assesses the sensitivity of the results to 

stochastic perturbations. Each cluster is sorted within individual ensemble members and then compared across all ensemble 

results. External validation through visual inspection as well as statistical metrics such as majority voting, entropy, or other 140 

measures are used to validate the cluster assignment of a specific data point in the original dataset. Further details on the 

underlying principles of NEMI can be found in Sonnewald (2023), and the corresponding code is available on GitHub: 

https://github.com/CompClimate/NEMI. 
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For the NEMI method, as with many machine learning applications, data cleaning and pre-processing are crucial (Bishop 145 

and Nasrabadi, 2006). Pre-processing focuses on capturing covariance among variables rather than their individual 

magnitudes. For example, when analyzing the relationship between age and income, income values are typically much larger 

than age values, masking the influence of age factor unless putting both variables on comparable numerical ranges. From a 

machine learning perspective, proper pre-processing ensures that the data is more suitable for clustering analysis than the 

original unscaled data, as de Amorim et al. (2023) demonstrated, who emphasize the importance of appropriate scaling. The 150 

choice of scaling method depends on the nature of the input data, and significantly influences the clustering performance by 

either enhancing or obscuring the inherent data structure. In our case, we tested multiple scaling approaches and found that 

the quantile transformer yielded the most robust and consistent results. This method consistently outperformed others in 

terms of cluster separability and stability, indicating that it is particularly well suited for this study. The distributions of the 

original sea ice budget components are presented in Figure S6a. We observe that the dynamic component is skewed toward 155 

negative values (featured by coastal sea ice outward transport), the horizontal thermodynamic component is skewed toward 

positive values, and the vertical thermodynamic component exhibits two peaks near 0 and 0.0002 kg m-2 s-1. We then applied 

a quantile transformer to scale the original data, transforming the data into normal distributions shown in Figure S6b. After 

scaling, the thermodynamic components are positively correlated with each other, while dynamics show a negative 

correlation with both thermodynamic components (Figure S6c-e). This suggests that in some areas (primarily coastal regions) 160 

where thermodynamic processes facilitate sea ice formation, dynamic processes act in the opposite way. In general, NEMI 

can now better identify relationships within a more balanced and normalized feature space. 

3 Results 

3.1 Climatological sea ice mass balance 

Before determining regimes, we first provide a spatial overview of the thermodynamic and dynamic processes affecting sea 165 

ice. Figure 1 illustrates the geographical distributions of the climatological sea ice mass balance components during the 

growth seasons, both before and after scaling. To ensure that the subsequent clustering captures the covariance patterns of 

the components rather than being dominated by differences in their absolute magnitudes, we apply a quantile transformer to 

each field. This method standardizes the data by mapping each component to a normal distribution, improving comparability 

across variables. Notably, this scaling is only applied during the clustering process to group the model output in a way that 170 

highlights joint variability appropriately. For subsequent analyses of the physical interpretation, the data are projected back 

to their original physical units. The NEMO-SI³ model configuration used in this study has been evaluated against satellite 

observations and reanalysis datasets. It can effectively capture the main climatological features of Antarctic sea ice during 

the growth season and reproduces both the moderate increase before 2016 and the abrupt decline afterwards (Figure S4-S5), 

thus supporting its application in analyzing sea ice changes and associated mass balance components. 175 
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The original vertical thermodynamic component (Fig. 1a) displays an overall positive contribution to sea ice mass balance, 

particularly along the coast, with prominent high values in the Ross Sea and Weddell Sea. Note that a small fraction of 

values (5.5%) is negative and are omitted from the color bar for clarity. This gradient decreases towards lower latitudes, 

corresponding to the highest rates of new sea ice formation along the coast and in the polynya regions (Tamura et al., 2016; 180 

Nakata et al., 2021). After scaling (Fig. 1d), the coastal regions still display high values, while the ice edge regions are 

mapped to negative values. Most ice pack regions remain near zero. 

 

Similarly, the original horizontal thermodynamic component (Fig. 1b) also shows a generally positive contribution to sea ice 

mass balance, albeit with slightly lower magnitudes than the vertical component. Higher values are observed in the southern 185 

Weddell Sea, southern Ross Sea and eastern Indian Ocean, while the other regions are close to zero. The scaled horizontal 

thermodynamics (Fig. 1e) exhibit a similar distribution to the scaled vertical component, but with greater variability, 

particularly in the western Pacific Ocean. 

 

The original dynamic component (Fig. 1c) presents a negative contribution along the coast and positive for the rest. This 190 

suggests that dynamic processes such as advection and divergence transport sea ice away from the coast to lower latitudes, 

leading to higher vertical and horizontal thermodynamic processes along the coast (Fig. 1a-b). After scaling (Fig. 1f), these 

patterns become more distinct, with clearer positive contributions in the northern and western Weddell Sea, northern Ross 

Sea and East Antarctic. 

 195 

Overall, the model’s representation of climatological sea ice mass balance during the growth season aligns well with 

established understanding of thermodynamic and dynamic processes (Holland and Kwok, 2012; Haumann et al., 2016; 

Holland and Kimura, 2016; Himmich et al., 2023). Meanwhile, the scaling process highlights the spatial variance of each 

input rather than their individual magnitudes, providing a better foundation for applying the regime identification. 
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 200 
Figure 1: (a,c,e) Maps of the climatological (1981-2010) sea ice mass balance terms from model output during growth seasons (March to 
September), including vertical thermodynamics (bottom growth, bottom melt, snow-ice growth, surface melt), horizontal thermodynamics 
(lateral growth, lateral melt) and dynamics (sea ice transport, mechanical redistribution). (b,d,f) Same as (a,c,e) but scaled with a quantile 
transformer. Black contours indicate the 15% sea ice concentration (SIC) threshold, representing the approximate sea ice edge. 
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3.2 Objectively determined sea ice regimes 205 

We first analyze climatological sea ice regimes and then explore their interannual variability to understand the mechanisms 

driving recent changes. With the preprocessed climatological sea ice budget components, we analyze the covariance 

structure within the data to determine regimes as statistically significant groupings of term magnitudes (Fig. 2). As described 

above, this approach can be viewed as a machine learning-based empirical leading-order process analysis (Kaiser et al., 

2022). The first step in NEMI is to construct a low-dimensional embedded representation, also known as the “latent space”. 210 

This latent space acts like a compressed map of the original data, revealing hidden patterns and relationships that are difficult 

to detect in the raw input space. A manifold methodology UMAP (Uniform Manifold Approximation and Projection) (Healy 

and McInnes, 2024) is employed for nonlinear dimensionality reduction and for strengthening associations between relevant 

structures in the data. The projection onto a lower-dimensional space is achieved by minimizing a cross-entropy cost 

function, which balances the preservation of local structures against the global covariance patterns in the original data. The 215 

UMAP parameters were chosen based on physical intuition and for the stability they offer to the embedding that facilitates 

robust clustering results, as confirmed by sensitivity tests showing minimal variation under different parameters. The 

embedding result (Fig. 3a) shows a covariance structure with distinct and well-separated shapes, indicating different regimes 

with specific characteristics. 

 220 

Based on this visualization of the sea ice budget component relationship, we applied DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise) (Ester et al., 1996) to cluster the well-separated shapes, a clustering method well-

suited for identifying clusters with varying densities and nonlinear shapes. To improve the stability of the results, we conduct 

100 iterations. The ensemble cluster results are then analyzed by assigning each point to a cluster based on the majority vote, 

i.e., the cluster label that appears most frequently for that point, across all iterations. Our clustering demonstrates strong 225 

stability, as evidenced by the extremely high probability of the final cluster being selected in 99% of ensemble members. As 

shown in Fig. 3b, DBSCAN successfully identified six distinct clusters corresponding to different sea ice regimes. Each data 

point represents a specific latitude-longitude location. A comparison with KMeans and Agglomerative clustering applied to 

the same embedding (Figure S7) further shows that DBSCAN more effectively captures the intrinsic structures, whereas the 

alternative methods either linearly split individual structures or merge partial regions into mixed clusters. 230 

 

We project the six clusters identified back onto a geographical map to interpret their physical meaning (Fig. 3c). The six 

primary regimes are named based on their locations: Pack, Coast, OEdge (Outer Edge), IEdge (Inner Edge), WPO (Western 

Pacific Ocean), and Res (Residual). The corresponding area-averaged budget components are shown in Fig. 3d, with the 

spatial distribution shown in Figure S8. The ‘Pack’ regime, which covers the largest portion (52.6%), is located in the inner 235 

ice pack and dominated by first-year sea ice. It is characterized by consistent positive contributions from dynamics, 
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horizontal thermodynamics and vertical thermodynamics. This regime reflects directly that sea ice is expanding from 

summer to winter.  

 

Using our framework, we can identify these divergence-dominated regions even where traditional geographic or empirical 240 

classifications would not distinguish them. The ‘Coast’ regime is mainly found along the coast, but also some offshore 

regions in the Indian Ocean, Ross Sea, Bellingshausen and Amundsen Seas, regions of prevalent sea ice divergence (Holland 

and Kimura, 2016). This regime is marked by significant negative dynamic contributions and positive thermodynamic 

contributions, indicating that sea ice is being transported away from those regions, while thermodynamics compensate for 

this loss. However, this does not necessarily reflect coastal processes such as landfast ice formation or coastal leads, but 245 

rather indicates divergence-dominated dynamics that may occur beyond the coastal zone. 

 

‘OEdge’ and ‘IEdge’ are located at the outer and inner sea ice edge regions respectively and both are primarily dominated by 

dynamic processes. 'OEdge' experiences little horizontal formation, and is primarily shaped by dynamic processes and 

vertical thermodynamic melting, particularly in the Weddell Sea, Ross Sea, and eastern Indian Ocean (Figure S8g), likely 250 

due to direct exposure to the warmer lower-latitude ocean. Comparably, the ‘IEdge’ regime shows more moderate vertical 

thermodynamic loss and stronger horizontal thermodynamic growth, suggesting weaker melting than ‘OEdge’ due to the 

interior location of this regime. ‘WPO’ is a small but stably-identified regime, displaying positive vertical thermodynamics 

and positive dynamics in the western Pacific Ocean and parts of Eastern Antarctic. It is surrounded by the ‘Pack’ regime but 

stands out due to weaker horizontal thermodynamics. In this regime, sea ice convergence is exceptionally strong compared 255 

with other regimes and there is nearly no lateral growth. ‘Res’, the smallest regime (0.3%), is not discussed further due to its 

minimal spatial presence. 

 

 
Figure 2: The upper row illustrates the transformation from raw data through scaling, embedding and clustering. The lower row shows the 260 
ensemble construction, cluster ranking and the final assignment of sea ice regime. 
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Figure 3: (a) UMAP embedding of the input data, illustrating the underlying structure. Note that the axes in the UMAP latent space are 
abstract and do not represent specific physical variables. (b) DBSCAN clustering applied on UMAP, identifying six clusters. (c) Projection 
of the clustered data onto the geographical map, highlighting spatial distribution. Black contour indicates the 15% SIC threshold, 265 
representing the approximate sea ice edge. (d) Area-averaged budget components (Unit: kg m-2 s-1) for each regime, providing insights into 
cluster-specific characteristics. An inset zooms in on OEdge and IEdge regimes for better visibility. 

3.3 Interannual variability of regimes 

Moving beyond climatological averages, we now turn to the question of how each growth regime has evolved over time by 

applying the previous analysis (same processing steps and parameters) to annual model outputs from 1979 to 2023. For each 270 

year, the sea ice budget components during the growth season are clustered into six main regimes: ‘Pack’ ‘Coast’ ‘OEdge’, 

‘IEdge’, ‘WPO’ and ‘Res’, with occasional minor regimes (<0.1% area) appearing, without any parameter tuning (see 

Supplementary Materials). These residuals are excluded to ensure consistency with the primary regimes identified in the 

climatological analysis. The minor regimes ‘WPO’ and ‘Res’, which together account for only 0.8% of the surface covered 

by sea ice in the clustering results, are excluded from the following discussion. 275 
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To assess how the identified regime areas vary over time, Figure 4 illustrates the percentages and anomalies of regime areas, 

alongside modeled SIE anomalies. Table 2 further provides trends in regime area for three periods (1979-2023, 1979-2015 

and 2016-2023), as well as correlations between regime area anomalies and SIE anomalies. In agreement with observations 

(Figure S5b), the modeled SIE anomaly shows a weak positive trend before 2016 (0.11 million km2 decade-1), followed by a 280 

strong decline (-0.7 million km2 decade-1) after 2016, consistent with the onset of recent extreme sea ice loss.  

 

Although all regimes exhibit interannual fluctuations in their spatial area, only the ‘Coast’ regime shows a statistically 

significant trend over the full period, with an average decrease of -0.11 million km2 decade-1. This decline is more 

pronounced in the post-2016 period (-0.21 million km2 decade-1). Compared with 1979-2015, the ‘Coast’ regime shows 285 

increased spatial extent west of the Antarctic Peninsula (Figure S9). The ‘Pack’ regime, which consistently accounts for the 

largest portion of the total sea ice area (47%–58%, Fig. 4a), mirrors the two-phase trend of the SIE anomaly. This dominant 

coverage reflects the prevailing pattern of sea ice advance during the growth season, which contributes to the ‘Pack’ 

regime’s spatial persistence and temporal stability. The ‘OEdge’ and ‘IEdge’ regimes show insignificant decreasing trends 

prior to 2016, but ‘IEdge’ shows a sharp decline (-0.6 million km2 decade-1) after 2016. 290 

 

Correlations between regime area anomalies and SIE anomalies further reveal that the ‘Pack’ regime interannual variations 

are closely tied to overall sea ice extent (R = 0.47). The ‘Coast’ regime is also positively correlated with SIE (R = 0.41), 

despite its decreasing long-term trend. In contrast, the ‘OEdge’ and ‘IEdge’ regimes show little correlation. Additionally, the 

significant anti-correlation between ‘Pack’ regime area and ‘Coast’ regime area (r=−0.54) indicates that an expansion of the 295 

‘Pack’ regime coincides with a contraction of the ‘Coast’ regime. This relationship explains the relatively stable total area 

(73%-79%) occupied by these two regimes together over time (Fig. 4a). 

 

These area variations are linked to different underlying dynamic (e.g., wind-driven divergence and advection) and 

thermodynamic (e.g., freezing and melting) processes (Figure S10; Table S1). For the ‘Pack’ regime, both dynamic and 300 

thermodynamic components weaken after 2016, suggesting that its post-2016 area decline is associated with an overall 

reduction in these key processes. In the ‘Coast’ regime, dynamic processes strengthen markedly after 2016 (0.66 kg m-2 s-1 

decade-1), while horizontal thermodynamic growth weakens (-0.58 kg m-2 s-1 decade-1). This implies that increased 

divergence is no longer sufficiently compensated by thermodynamic gain, leading to the observed area decline. The ‘OEdge’ 

regime shows a significant decline before 2016, but no substantial trends afterward. The ‘IEdge’ regime shows weak and 305 

insignificant trends across all components. These contrasting variations reflect that regime area is controlled by the balance 

between thermodynamic and dynamic processes. 

 

Figure 4 provides further insights into how each regime responded during recent sea ice extremes. In the 2017 growth season, 

when Antarctic SIE reached a record-low, the ‘OEdge’ and ‘IEdge’ regimes showed large negative area anomalies (Fig. 4b). 310 
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In the 2023 growth season, all regimes showed negative anomalies, with the ‘Pack’ regime contributing the largest deficit. 

Meanwhile, the spatial distribution of regimes differed a lot from previous years, particularly in the location of the ‘Coast’ 

regime (see Supplementary Materials). In addition, since our analysis is conducted on the growth season averages, many 

short-term processes (e.g., storms, heatwaves) may be obscured. To better understand the drivers of extreme sea ice loss, 

future applications of this framework could consider monthly or even finer temporal resolutions. This would allow for a 315 

more detailed investigation of specific processes affecting sea ice variability, which lies beyond the scope of the present 

study. 

 

Table 2. Trends (106 km2 decade-1) of areas occupied by each regime and SIE anomaly for 1979-2023, 1979-2015 and 2016-

2023, and correlations of regime area anomalies with SIE anomalies. Bold indicates significance at 95% confidence. 

 Trend 

(1979-2023) 

Trend 

(1979-2015) 

Trend 

(2016-2023) 

Corr(Area_ano, 

SIE_ano) 

SIE anomaly -0.05 0.11 -0.7 \ 

Pack 0.07 0.13 -0.3 0.47 

Coast -0.11 -0.04 -0.21 0.41 

OEdge -0.06 -0.02 -0.27 0.17 

IEdge -0.03 -0.02 -0.6 0.27 
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 320 

Figure 4: (a) Stacked time series of percentage of regime areas for ‘Pack’, ‘Coast’, ‘OEdge’, ‘IEdge’, ‘WPO’ and ‘Res’ from 1979 to 
2023. (b) Area anomalies (Unit: 106 km2) for ‘Pack’, ‘Coast’, ‘OEdge’, and ‘IEdge’ regimes, along with sea ice extent (SIE) anomalies 
from the model, averaged over the growth season (March–September). Extreme years including 2017 and 2023 are indicated with vertical 
lines. 

4 Discussion 325 

In this study, we developed an objective framework to identify the dominant physical processes governing Antarctic sea ice 

variability, looking at time mean and interannual variability data from 1979 to 2023. We focused particularly on shifts 

between the pre- and post-2016 periods, when Antarctic sea ice shifted from net-growth to net-loss, and we revealed that this 
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change was primarily related with significant area loss in the coastal regime and the pack ice regime, reflecting the combined 

effects of dynamic and thermodynamic processes. 330 

 

Our framework is based on the Antarctic sea ice budget components (vertical thermodynamics, horizontal thermodynamics 

and dynamics) using an ascendant machine-learning-based NEMI workflow. We objectively identified six distinct regimes 

in the climatological data. The ‘Pack’ regime is located in the inner ice pack region, characterized by consistent sea ice 

growth driven by both thermodynamic and dynamic processes. The ‘Coast’ regime, along the coast of the continent and 335 

offshore regions of the Amundsen-Bellingshausen and Ross Seas, features strong dynamic divergence that is compensated 

by thermodynamic growth. The ‘OEdge’ and ‘IEdge’ regimes represent sea ice edge processes but with different horizontal 

thermodynamics behaviors. The ‘WPO’ regime usually occurs in the western Pacific Ocean, while the ‘Res’ regime is a 

minimal regime with limited impact. From 1979 to 2023, only the ‘Coast’ regime showed a significant decreasing trend (-

0.11 million km² decade-1), particularly accelerating after 2016. Correlation analyses further revealed that changes in ‘Pack’ 340 

and ‘Coast’ regime areas are closely linked to SIE anomalies, suggesting their critical roles in Antarctic sea ice variability. 

These regime area changes were accompanied by distinct shifts in dynamic and thermodynamic drivers. Although seasonal 

averaging may obscure short-term but critical processes such as strong storms, atmospheric heat intrusions, or regional ocean 

heat intrusions, the framework demonstrates the potential for deeper investigation into process-based drivers of sea ice 

change. 345 

 

These changes in regime areas have broader implications. For instance, the shrinking of the ‘Coast’ regime may indicate a 

weakening of new ice formation in coastal polynya, which play key roles in brine rejection and Antarctic Bottom Water 

formation, potentially influencing Southern Ocean overturning circulation. Meanwhile, reductions in the ‘Pack’ regimes may 

indicate a loss of thick compacted ice, decreasing the sea ice system’s resilience to anomalous atmospheric and oceanic 350 

forcing. Overall, such shifts in the spatial distribution of sea ice regimes are likely to modify the timing of seasonal advance 

or retreat, with further impacts on the broader climate system. 

 

This process-based approach has several advantages. First, it identifies regimes characterized by distinct combinations of 

underlying processes without relying on prior assumptions, thus complementing existing geographic or empirical 355 

classifications and enabling a more mechanistic understanding of sea ice variability. Although simple threshold-based 

classifications derived from SIC or bathymetry (as shown in Figure S11) can reproduce circumpolar patterns that may appear 

similar to the climatological regimes identified by NEMI (Fig. 3c), substantial discrepancies emerge at the monthly scale 

(comparing Figure S1 and Figure S11). This difference reflects the additional process-wise information contained in the 

NEMI framework, where thermodynamic and dynamic contributions are jointly considered, while a criterion based on SIC 360 

or bathymetry alone can combine regions governed by different dynamic regimes. Second, the framework captures the 

temporal evolution of these regimes over the past decades, allowing regime shifts or area changes to be linked with external 
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forcing such as wind, temperature, or large-scale circulation anomalies. Such year-to-year shifts can only be captured by a 

process-based regime identification framework, rather than by fixed SIC or bathymetry criteria (Figure S11). Third, we 

reveal underappreciated features that would likely be missed in traditional frameworks. For example, the identification of 365 

“Coast” regimes exhibiting coastal-like characteristics in areas not directly adjacent to the Antarctic continent. Fourth, the 

method is flexible in its application across temporal scales (from synoptic events to decadal trends), spatial resolutions, and a 

variety of input datasets (e.g., thermodynamic fluxes, wind stress, oceanic heat transport), depending on the scientific 

objective. It can be further extended to incorporate marginal ice zone dynamics governed by wave–ice interactions, landfast 

ice, or coastal polynya processes, potentially enabling the identification of more localized or process-specific regimes. 370 

Finally, our physically based regime framework provides an application to Antarctic sea ice, and complements broader 

efforts across Earth system science to detect and interpret process-based regime transitions. 

 

This study presents the first application of the NEMI workflow to Antarctic sea ice budget components, providing a process-

based perspective to objectively define sea ice regimes and explore the mechanisms driving Antarctic sea ice changes. While 375 

the current regime identification provides a valuable framework based on thermodynamic and dynamic mass balance 

components, it also highlights opportunities for the next phase of research. In particular, coastal processes (e.g., landfast ice 

formation, shear zones) and marginal ice zone dynamics influenced by wave–ice interactions are not explicitly resolved in 

the current approach. This is primarily because the input fields are limited to large-scale thermodynamic and dynamic terms. 

Future work could incorporate additional model diagnostics or external datasets (e.g., sea ice deformation, wave-related 380 

parameters) to capture finer-scale processes and identify more physically detailed sea ice regimes. Moreover, regional 

assessments that go beyond changes in regime area (e.g., shifts in intensity and location) will be critical for identifying 

potential regime transitions and improving our physical understanding of Antarctic sea ice variability. Together, these 

approaches will help us better understand how sea ice behaves and its impact on the wider Southern Ocean. 
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