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Abstract. Antarctic Sea Level Anomalies (SLA) remain poorly observed due to the presence of sea ice, which hampers 

conventional satellite altimetry. Recent advances in lead-based retracking techniques have enabled SLA estimation within ice-

covered regions. However, existing products are temporally limited, with currently available dataset covering periods shorter 10 

than 10 years. In this study, we extend the time span of SLA reconstruction by processing multiple satellite missions: Envisat, 

CryoSat-2, SARAL/Altika, and Sentinel-3A. We produce a consistent and continuous SLA dataset spanning both ice-free and 

ice-covered areas of the Southern Ocean (south of 50°S) from 2003 to 2021. This 19-year product provides the longest temporal 

coverage to date for SLA under sea ice. The resulting SLA fields resolve the large-scale variability and parts of the mesoscale 

signal, with smooth transitions across the sea-ice edge. We show that the product reliably captures physical signals on 15 

timescales longer than 10 days, with estimated uncertainties of 1.3 cm. in the subpolar ocean. Our satellite-based SLA 

reconstruction compares well with most independent in situ observations from tide gauges and bottom pressure recorders: 

mean correlation coefficients are 0.58 and 0.66, respectively. The reconstruction fills a key observational gap and offers new 

opportunities to study trends and interannual variability in sea level and ocean circulation in the Southern Ocean, particularly 

under sea-ice cover. 20 

1 Introduction 

The Southern Ocean plays a pivotal role in the climate system. It uptakes and stores large amounts of heat and carbon (Frölicher 

et al., 2015; Meredith et al., 2019; Sallée, 2018; The SO-CHIC consortium et al., 2023), ventilates more than half of the global 

ocean volume (Millet et al., 2024), and enables interbasin exchanges. However, it has undergone important changes over the 

last decades. The Southern Ocean has been warming and freshening in the past decades (Sallée, 2018; The SO-CHIC 25 

consortium et al., 2023). Westerly winds that force its circulation have intensified and shifted towards the poles (Thompson et 

al., 2011). Antarctic ice shelves are experiencing accelerated basal melting, increasing freshwater fluxes into the ocean and ice 

sheet discharge, ultimately contributing to sea level rise (Holland et al., 2020; The IMBIE team, 2018). In 2016, a regime shift 

in sea-ice extent reversed its decades-long increasing trend, leading to a rapid decline and reaching the lowest observed area 

coverage in 2023 (Hobbs et al., 2024). This suggests that the entire Southern Ocean might be experiencing a regime shift 30 

(Abram et al., 2025; Silvano et al., 2025).  
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Despite these profound changes, interannual ocean circulation variability remains poorly characterized in the ice-covered 

Southern Ocean due to observational challenges affecting both in-situ and satellite measurements (Newman et al., 2019; Smith 

et al., 2019). A key variable for tracking these changes is the Sea Level Anomalies (SLA) field, which represents sea level 

variations across a reference surface. Through geostrophic equilibrium, the SLA field enables computation of large-scale ocean 35 

currents. It also captures both density-driven (steric) and mass-driven (eustatic) components of sea level variability, providing 

insight into the ocean vertical structure and mass redistribution. Observing SLA therefore allows derivation of both structural 

and dynamical ocean changes. For the past thirty years, satellite altimetry has enabled SLA retrieval in the open ocean, 

revolutionizing oceanographic understanding of circulation dynamics and ocean state changes (Fu and Cazenave, 2000; 

Morrow and Le Traon, 2012). However, this technique has remained largely ineffective in the subpolar Southern Ocean, as 40 

standard processing degrades significantly in the presence of sea ice. As a result, SLA retrievals in polar regions, especially in 

ice-covered waters, have historically been sparse or unreliable (Prandi et al., 2012). 

 

Notable advances have progressively enabled the use of radar altimetry in ice-covered regions. Initial efforts date back to 

(Dwyer and Godin, 1980), who employed data from the GEOS-3 satellite to identify sea-ice boundaries and infer ice roughness 45 

from space. Subsequently, (Drinkwater, 1991) demonstrated that radar returns from leads—open-water holes within the ice 

pack that are flat and therefore extremely reflective—are highly specular. These distinct returns make lead signatures readily 

identifiable in a sea-ice covered area. (Laxon, 1994) advanced altimetry processing over sea-ice. Crucially, he was the first to 

suggest using returns from leads, not to estimate sea surface topography but to measure freeboard and infer sea-ice thickness. 

Nonetheless, it laid the groundwork for an eventual application of lead returns for sea level estimation. This concept was 50 

operationalized a decade later. (Peacock and Laxon, 2004) successfully measured SLA in leads and derived the first Mean Sea 

Surface (MSS) and a two-year record of SLA variability under Arctic sea ice. 

 

During the 2000s and 2010s, most developments in polar altimetry focused on the Arctic. (Giles et al., 2012) measured sea 

level in leads from ERS and Envisat satellites to quantify freshwater accumulation in the Beaufort gyre, linking it to wind-55 

driven convergence. Kwok and Morison (2011) utilized ICEsat to map the Arctic Dynamic Ocean Topography in the winters 

of 2004 to 2008. They restricted the study to the ice-covered domain and highlighted the importance of the baroclinic 

circulation in the Arctic Ocean. Bulczak et al. (2015) investigated SSH variability during 2003-2009 in the Nordic Seas using 

lead data from Envisat. Finally, Armitage et al. (2016) produced the first publicly available monthly estimates of Dynamic 

Ocean Topography (DOT) for the whole Arctic Ocean, using Envisat and CryoSat-2 data from 2003-2012.  60 

 

In contrast, equivalent efforts in the Southern Ocean were more sparse and restricted to either the ice-covered season (e.g., 

Kwok and Morison, 2016) for the open-water season (e.g., Rye et al., 2014), limiting our understanding of the full seasonal 

cycle. A key development came from (Armitage et al., 2018) who extended their Arctic processing to the Southern Ocean, 

producing the first maps of SSH covering both the ice-covered and ice-free Southern Ocean from 2013 to 2018. The analysis 65 
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revealed coherent seasonal variability and highlighted the influence of wind on large-scale features such as the Antarctic Slope 

Current and the Weddell Gyre. Dotto et al. (2018) used a similar approach to uncover the seasonal cycle of the Ross gyre, 

while Naveira Garabato et al. (2019) linked circumpolar SSH variability to wind forcing modulated by sea-ice conditions. The 

most comprehensive SLA product to date was developed by Auger et al. (2022a). It combines three altimetry missions 

(Cryosat-2, Saral, Sentinel-3A) to improve spatial resolution and spans from 2013 to 2019. It was used to further investigate 70 

the seasonal variability of the subpolar Southern Ocean (Auger et al., 2022b) as well as the small-scale circulation (Auger et 

al., 2023). This dataset was recently extended to 2021 by (Veillard et al., 2024). 

 

While these studies have significantly advanced our understanding of subpolar Southern Ocean dynamics, they often focused 

on limited domains (either ice-free or ice-covered) or relied on short temporal records. Here, we build upon the core principle 75 

of extracting SLA from radar returns in sea-ice leads to present the most extensive SLA dataset yet produced for the Southern 

Ocean. This new product integrates observations from four satellite altimetry missions—Envisat, CryoSat-2, Saral, and 

Sentinel-3A—to provide consistent, spatially continuous coverage of the Southern Ocean from 2003 to 2021. Spanning 19 

years, it offers unprecedented potential for analyzing long-term trends and interannual variability in Southern Ocean sea level 

and circulation. In the next section we describe the satellite and in situ data employed in this study. Section 3 details the 80 

methodology to process observations from the different satellite missions and construct the 19-year product. Results are 

presented in section 4. Our findings are summarized and discussed in section 5. 

2 Data 

2.1 Satellite data 

Four satellite missions are integrated into the dataset: Envisat, Cryosat, Sentinel-3A and Saral. The product starts on the 1st of 85 

January 2003 (Fig. 1) with observations from Envisat. Cryosat-2 observations are used from 16/07/2010 (DD/MM/YYYY) 

onwards, allowing for a short overlap before Envisat stops acquisitions on 07/04/2012. Saral and Sentinel-3A are assimilated 

in the product starting 14/03/2013 and 01/07/2016, respectively. Periods of single mission coverage - spanning from 

01/01/2003 to 16/07/2010 and 07/04/2012 to 14/03/2013 - may exhibit increased uncertainty compared to periods of multi-

mission assimilation. 90 

 

Satellite missions and their associated altimeters have key differences (see Table 1) which require a dedicated processing for 

each.  Envisat altimeter, RA-2, operates in Low Resolution Mode (LRM), in the Ku frequency band (13 to 17 GHz). It has a 

surface footprint of roughly 15 km. We use its measurements sampled at a rate of 18 Hz, giving a data point every 370 m 

(Abileah et al., 2013). Saral altimeter, AltiKa, also operates in Low Resolution Mode, but in the Ka frequency band (35.75 95 

GHz). This allows for a smaller footprint and a higher sampling frequency compared to Envisat (respectively 8 km and 40 Hz) 

(Verron et al., 2021). Cryosat-2 operates in three different modes: LRM above the open ocean (in this paper we refer to the 
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region not seasonally covered by sea-ice as open ocean), SARM (Synthetic Aperture Radar Mode) above the sea-ice and 

SARInM (Synthetic Aperture Interferometric Mode) on the land ice and the ice-sheet margins (Wingham et al., 2006). In the 

present paper, LRM and SARM data is used from Cyrosat-2. SARM allows for a better effective along-track resolution of 400 100 

m (Scagliola et al., 2013). However, Cryosat-2 orbit has a long repeat cycle of 369 days, meaning the same location will be 

observed only once a year. Maps of sea-level made from Cryosat-2 therefore have relatively low spatial resolution and can 

contain artefacts due to the long repeat cycle (e.g. unphysical meridional stripes, Auger et al. 2022). Sentinel-3A also operates 

in SARM but over both sea-ice covered and open ocean (Donlon et al., 2012), reaching an effective resolution of 300 m. We 

use data processed and distributed by the French space agency, according to its processing protocol (Quartly et al., 2019). This 105 

processing is specifically designed for sea ice zones. 

 

Figure 1: Satellite missions timeline, with the start and end dates of data assimilation into the new product as dd/MM/YYY. 

Satellite Mode over open-

ocean 

Mode over 

sea-ice 

Retracking for 

leads 

Sampling 

rate 

Inclination Cycle duration 

Envisat LRM LRM Adaptive 18 Hz 99° 35 

Cryosat-2 LRM SARM TFMRA 20 Hz 92° 369 (30-day pseudo 

cycle) 

Saral LRM LRM Adaptive 40 Hz 99° 35 

Sentinel-

3A 

SARM SARM TFMRA 20 Hz 99° 27 

Table 2: Satellite missions used in the product and their characteristics. 
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2.2 Open ocean satellite data 110 

To validate our product in the open ocean, we use the Sea Level Anomalies from DUACS, available on the Copernicus Marine 

Environment Monitoring Service (CMEMS) (Pujol et al., 2016; Taburet et al., 2019) 

2.3 In-situ data 

Two types of in-situ observations are used for validation: tide gauges and bottom pressure recorders (BPRs). All platforms 

presented here were deployed in ocean regions with a seasonal or permanent sea-ice cover. Deployment dates and geographic 115 

coordinates are specified in the supplementary Table S1. Hourly tide gauge records from stations on the Antarctic coast are 

taken from the Gloss/Clivar dataset (IOC, 2020). They have been corrected for Dynamical Atmospheric Correction (Carrère 

and Lyard, 2003), ocean tide (Carrere et al., 2022) and glacial isostatic adjustment (Peltier, 2004).  BPRs record pressure at 

the seafloor, providing a proxy for the variations of the ocean mass above the instrument. According to Vinogradova et al. 

(2007), these pressure variations are significantly correlated to sea level changes on timescales up to 100 days globally, and 120 

60 days at high latitudes. Six BPRs are used. Four are located in the Drake Passage - referred to as Drake Passage South (DPS), 

Drake Passage South Deep (DPSDeep), Myrtle B and Myrtle C (PSML, 2024). The other two are  ANT-17.1 deployed on the 

Greenwich meridian (Androsov et al., 2020) and JARE BPR deployed near Syowa station (Hayakawa et al., 2012). 

3 Methods 

Satellite altimetry is a well-established technique for measuring sea level variations on a large scale. It relies on emitting radio 125 

waves from a satellite and recording the echoes reflected by the surface (Fig. 2, top). These return signals, known as waveforms, 

represent the echo power measured by the satellite as a function of time (Fig. 2, bottom). By analyzing the shape and timing 

of the waveform—a process called retracking—key geophysical parameters such as sea surface height (SSH) can be derived 

(Fu and Cazenave, 2000).  

 130 

We use SSH data collected by the four satellite missions described above, both when sampling the open ocean and the sea-ice 

sector (Fig. 2a, 2b). Advances in processing techniques now enable for the retrieval of the SSH in leads, i.e. narrow openings 

of water between sea-ice floes (Fig. 2b). Altimetric data from both leads and open-ocean collected over the span of 19 years 

are combined and mapped. This ultimately yields a Sea Level Anomaly (SLA) product consistent across the open ocean and 

ice-covered regions of the Southern Ocean. The sections below describe the methodology used in the open-ocean and ice-135 

covered domain. 
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Figure 2: Principle of satellite altimetry. (a upper) Schematic of the configuration with a satellite operating above the open ocean, 

with a waveform typical of open-ocean echoes. (a bottom) The waveform is the surface echo power recorded by the satellite as a 140 

function of time. (b upper) Schematic of the configuration with the same satellite operating over the sea-ice domain, passing just 

above a lead. (b bottom) Typical waveform of the echo reflected by a lead. Sea Level Anomaly (SLA) is the difference between Sea 

Surface Height (SSH) and Mean Sea State (MSS). SSH is the difference between Altitude and Range. 

3.1 Altimetry above the open ocean 

The left side of Fig. 2 shows the configuration with the satellites operating above open ocean. The typical shape of a waveform 145 

from the open ocean has a steep leading edge and a diffuse trailing edge (Brown, 1977). A retracking algorithm is applied to 

these waveforms, which varies depending on the satellite mission. Open-ocean waveforms from Cryosat-2 and Sentinel-3A 

are processed with the physical retracking algorithm MLE4 described in Thibaut et al., 2010. On the other hand, Envisat and 

Saral open-ocean waveforms were processed with the Adaptive retracker, described in Poisson et al. (2018) and Tourain et al. 

(2021). In both instances, the retracker extracts from the waveform the time it took for the radar wave to come back to the 150 

satellite. The distance between the satellite and the sea surface (i.e. the Range, see Fig. 2) is then derived. Knowing the Altitude 

of the satellite relative to an ellipsoid of reference, the Sea Surface Height (SSH) is obtained according to: 

SSH = Altitude − Range − ∑𝐻𝑐𝑜𝑟𝑟  
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 155 

 

where ∑Hcorr is an ensemble of geophysical corrections, listed in Table 2. It the same set of corrections used and described in 

Veillard et al. (2024). These corrections take out certain geophysical contributions to the sea surface height that are not relevant 

for the study of oceanic dynamic variability and can alias the observed signal. They also correct for processes that modify the 

propagation speed of the radar wave through the atmosphere (dry tropospheric, wet tropospheric, ionospheric corrections). 160 

The physical variable of interest for our product is the SLA. It is obtained by subtracting the Mean Sea State (MSS) to the 

SSH:  

SLA  =  SSH  −  MSS 

 

The MSS used comes from Laloue et al. (2024). It combines three different MSS estimates with the aim of keeping the best 165 

attributes of each one of them. Overall, performances are improved in polar regions compared to the three original MSS 

estimates, especially in the permanently sea-ice covered region of the Weddell Sea. The Absolute Dynamic Topography (ADT) 

is also made available in our product, by adding back the Mean Dynamic Topography (MDT): 

 

𝐴𝐷𝑇 = 𝑆𝐿𝐴 + 𝑀𝐷𝑇 170 

 

The MDT used here is described in Jousset (2023). It is constructed by combining the MSS from Schaeffer et al. (2023) and 

the GOCOO6 geoid obtained from GOCE and GRACE data. From the gridded ADT, we also compute the surface geostrophic 

current \𝑣𝑒𝑐𝑡{𝑢𝑔} using: 

 175 

𝑢⃗ 𝑔 =  
𝑔

f
 (𝑘̂ × ∇H𝐴𝐷𝑇 ) 

 

where g is gravity, f is the Coriolis parameter and k is the vertical unit vector. 

3.2 Altimetry above the sea-ice cover 

When the satellites used in this study fly above sea-ice, their altimeters are still operating, sending radar waves and recording 180 

their echoes. They get signals coming from ice floes, but also from leads. As the latter are relatively protected from the winds 

and waves, their surface is mirror-like and reflects the radar wave extremely well. Thus, their signature dominates the echo 

even if they cover a small fraction of the satellite footprint (Drinkwater, 1991). The resulting waveforms coming from leads 

are extremely specular as shown in Fig. 2b.  

 185 
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A classifier based on a neural network (Poisson et al., 2018) and validated with SAR images (Longepe et al., 2019) is used to 

automatically select lead waveforms and ignore sea-ice waveforms. Waveforms corresponding to a mix of both signals are 

also removed from the along-track data. 

 

Retracking algorithms are then applied to these lead waveforms to get the local SLA. For Cryosat-2 and Sentinel-3A, an 190 

empirical retracker called TFMRA (Helm et al., 2014) is used. As two different retrackers (MLE4 and TFMRA) are used for 

the same altimetry mission, a bias between open ocean SLA and lead SLA needs to be corrected. In contrast, the Adaptive 

retracker used for the open ocean data of Envisat and Saral can also process specular lead waveforms (Poisson et al., 2018). 

For these two missions, the same retracker is thus used for both the open ocean and the ice-covered ocean. This ensures a 

processing continuity between the two types of echoes. Theoretically, it should allow us to merge open ocean and lead data 195 

without needing to correct for a bias. In practice, while it reduces the bias between open ocean SLA and lead SLA by about 

50 centimeters, a residual offset still remains, which we need to remove. 

 

Orbit POE-E (Ollivier et al., 2015) 

Ocean Tide FES22B (Carrère et al., 2022) 

Polar Tide Desai et al. (2015) 

Earth Tide Cartwright and Edden (1973) 

Dry tropospheric Model from ECMWF 

Wet tropospheric Model from ECMWF 

Ionospheric correction GIM (Iijima et al., 1999) 

Dynamical Atm correction MOG2D (Carrère and Lyard, 2003) 

Sea State Bias Non-parametric (Tran et al., 2010) 

MSS CNESCLS22_Hybrid (Laloue et al., 2024) 

Table 2: Summary of geophysical corrections applied on altimeter measurements and used for SLA retrieval. 

We then apply the same set of geophysical corrections as we used for open ocean data points. A key difference is that Sea 200 

State Bias (SSB) is not corrected for, under the assumption that wind and wave effects on the SSB are negligible in the ice-

covered domain. This hypothesis should hold well except in the marginal ice zone, because sea ice inhibits wave propagation 
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coming from the open ocean, and protects surface water from wind generated ripples. Unfortunately, no reliable SSB estimates 

currently exist for specular waveforms. 

3.3 Final editing of the data 205 

Once the SLA is estimated for every waveform, an extra editing is performed on the data similar to the one applied in Auger 

et al. (2022a) and Veillard et al. (2024). An empirical threshold based on the sea ice concentration, a backscatter coefficient 

and the significant wave height are used. Then, an iterative editing is applied to the ocean data. Along tracks are filtered with 

a 124-point low-pass Lanczos filter, and outliers are determined as points such that |SLA - SLAfiltered| > 3 * std(SLA - SLAfiltered). 

This process is iterated until outliers represent less than 0.1% of the measurement points. For leads, a final treatment similar 210 

to Poisson et al. (2018) is performed to prevent the “off-nadir hooking” phenomenon described by Quartly et al. (2019). 

 

An example of an Envisat along-track is shown on Fig. 3a. The original leads and open ocean data are shown in gray. The 

leads data points kept after the editing steps are shown in red. The open ocean data points kept after the editing steps are shown 

in blue. Overall, fewer SLA measurements coming from leads are kept after the editing steps than in the open ocean domain. 215 

As in all filtering, a compromise has to be made between data quantity and data quality. Being too conservative may improve 

point wise precision, but would considerably reduce the number of leads kept and, thus, may provide insufficient coverage of 

sea level data. The remaining points are those in which we have the most confidence. The example along-track highlights the 

continuity between the open ocean domain and the ice-covered domain. A repetitive pattern on our along-tracks is that fewer 

data points, leads or ocean, pass through the editing in the transition zone between the open ocean and the sea ice. It corresponds 220 

to the region with a sea ice concentration ranging from 10 to 70%. This marginal ice band is where we have the least 

information and the highest uncertainties.  

 

Envisat is also equipped with the Medium Resolution Imaging Spectrometer (MERIS, Bézy et al., 2000). It measures the 

radiance at the top of the atmosphere for several wavelengths, and can be used to distinguish a highly reflective surface (sea 225 

ice) from a poorly reflective surface (ocean) during clear sky periods. For illustration purposes, we superimpose an Envisat 

altimeter track over the associated MERIS image from the same satellite (Fig. 3c). Nearly all of the data points classified as 

leads (red circle in Fig. 3) are indeed located above a poorly reflective surface (colder color in Fig. 3) such as points 1 and 2. 

It demonstrates the strength of our method, at least for this example. We note however some limitations. For instance, while 

point 3 is classified as leads, it is associated with a very reflective surface. The wrong classification might be due to newly 230 

formed sea ice without a snow cover, creating a very flat surface associated with specular echo. It can be difficult to distinguish 

it from a lead echo, and could bring an offset of 1 to 2 centimeters (Drinkwater, 1991). Point 4 is another example of possible 

limitation: here, the point is above sea ice, with the presence of a lead right at the edge in the cross-track direction. Such a 

situation creates what is called an off-nadir hooking, which can be removed during the editing step if it occurs in the along-

track direction, but cannot be removed if it occurs in the cross-track direction. Such situations introduce additional errors into 235 
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the dataset. Despite these limitations, the methodology represents the current state of the art for deriving sea level from radar 

altimetry in ice-covered regions.  

 

Figure 3: (a) Example along-track from the Envisat mission, on 11-10-2003. Blue points are edited SLA estimates from waveforms 

classified as open-ocean. Red points are edited SLA estimates from waveforms classified as leads. The grey line aggregates SLA 240 

estimates from open-ocean or lead waveforms, including the ones that were removed by the editing steps. (b) Trajectory of the along-

track shown in A. (c) Surface reflectance at 700 nm along Envisat along track, measured by the MERIS (Medium Resolution Imaging 

Spectrometer) instrument. MERIS captures spectral reflectance data, which can provide information on surface properties such as 

sea ice, water type, and biological activity. SLA estimates shown in orange in A are collocated on the MERIS swath. Points labelled 

1 to 4 are discussed in the text. 245 

3.4 Ocean/Leads bias correction 

For the SARM missions (Cryosat-2 and Sentinel-3A), different retrackers are applied to open ocean and lead waveforms. This 

induces a systematic offset between the two domains which needs to be corrected. To address this, we apply the ocean/lead 

(O/L) bias correction introduced by Giles et al. (2012). For each mission, SLA estimates from the two surface types are 

averaged into separate 75 km x 75 km x 10-days. The difference in SLA between the two types of surfaces is computed for 250 

each bin, then spatially averaged to obtain a monthly climatological value of the O/L bias. We interpolate it to a daily 

climatology, which is then removed from the lead dataset. Fig. S1 details this process, showing the time-averaged bias map 

and the climatological bias that is removed for each mission.  

 

We choose to apply the same bias correction to Envisat and Saral data. Indeed, although the same retracker is used for open 255 

ocean and lead waveforms in their case, a residual bias remains. Applying this O/L bias correction also improves consistency 

across the missions. For Envisat, an additional debiasing step is implemented depending on the peakiness of lead waveforms 

(see Fig. S2).  
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3.5 Merging the missions 260 

After correcting for the O/L bias of each individual satellite, an offset correction is applied across the different missions as 

they do not have the same baseline. Cryosat-2 is used as a reference and data from the other missions are adjusted towards its 

mean state value on their overlapping time range. The strategy is analogous to the O/L bias correction. First, SLA estimates 

are aggregated in 75 km x 75 km x 10-days bins for each mission. Then, the mean inter-satellite offsets are computed (Table 

S2) and removed from the corresponding satellite. After, every satellite is centered on the Cryosat-2 mean value. 265 

3.6 Mapping the along-tracks 

After calibration, along-track data from all missions is combined into a daily gridded dataset using the DUACS-DT2022 

mapping procedure (Taburet et al., 2019). It relies on an Optimal Interpolation algorithm (Bretherton et al., 1976; Ducet et al., 

2000; Le Traon et al., 1998) to select observations within a space-time distance of an estimation point, and average them with 

appropriate weights. The estimation points are the grid points of an ease2 grid with uniform 25-km spatial resolution centered 270 

on the South Pole. The space-time radius of each estimation point is determined by the input correlation scale files. We use 

the same files as Auger et al. (2022a) (Fig. S3 and S4). The expected variance and noise estimation necessary for the 

interpolation also come from Auger et al. (2022a) and Veillard et al. (2024). A long-wavelength error correction is applied 

during the mapping to remove potential along-track correlated signals, such as residual orbit error. 

4 Results 275 

4.1 Final dataset 

Following the procedures outlined in the Methods section, a satellite altimetry dataset with a spatial resolution of 25 km is 

obtained for the period 2003-2021. It is publicly available on ZENODO (Mosneron Dupin, 2025). The available variables are 

listed in Table 3. Both daily and monthly outputs are provided. Given the native temporal sampling of 10 to 30 days, the daily 

fields contain values temporally interpolated between observational acquisitions.  280 

 

Figure 4 presents an example of the monthly sea level anomaly (SLA) field for February and August 2007, from our product 

(Fig. 4b-d) and from the CMEMS product (Fig. 4a-c). In open-ocean regions, our derived SLA field shows strong agreement 

with the product from Copernicus Marine Environment Monitoring Service (CMEMS). While the two products display similar 

mesoscale features in the ACC, some small-scale discrepancies can be observed. They arise from CMEMS incorporating 285 

additional satellite missions such as Jason-2, enabling improved resolution and spotting extra mesoscale features in dynamic 

open-ocean areas. CMEMS processing also incorporates a final smoothing step that is not included in the product presented in 

this paper. Quantitatively, when comparing time-series at each grid point between CMEMS and this study’s product, we find 

that 95% of grid points located in regions always ice-free exhibit a correlation greater than 0.80. 

 290 
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File Field Description 

 

sla_25km_1M.nc 

sla Sea Level Anomaly (in m) 

MDT Mean Dynamic Topography 

geostrophic_currents_25km_1M.nc 

u_east Zonal Geostrophic Current (in m s-1) 

v_north Meridional Geostrophic Current (in m s-1) 

formal_error_25km_1M.nc formal_err Formal Error (in m) 

 

sla_25km_1d.nc 

sla Sea Level Anomaly (in m) 

MDT Mean Dynamic Topography 

Table 3: Available datasets and associated fields 

 

The August and February 2007 SLA maps (Fig. 4b-d) reveals spatial continuity between the open ocean and sea ice sectors: 

no sharp frontier exists at the transition, providing confidence in our processing. Mesoscale features are visible within ice-295 

covered areas such as the Weddell Sea. It is not the case for the associated CMEMS maps (Fig. 4a-c). In seasonally or 

permanently ice-covered regions, the present product offers a substantial gain in spatial coverage and information. It provides 

continuous SLA estimates across the entire subpolar Southern Ocean and across seasons. In contrast, the CMEMS dataset is 

characterized by heavily interpolated or missing data during ice-covered conditions. On top of these differences, the two 

products have a clear offset in the sea-ice sector in February 2007. This is because, here, we use the same reference period 300 

(2003-2021) for anomaly computation, but for CMEMS the climatological baseline is computed without the inclusion of 

wintertime observations, which strongly affects the anomalies shown in Fig. 4. 

 

The lower panel in Fig. 4 displays monthly SLA time series averaged across several sub-basins of the subpolar Southern 

Ocean, as an illustration of what can be computed from the dataset. The time series display strong interannual variability as 305 

well as positive trends of different magnitudes. As a way to demonstrate that the product captures physical signals, Fig. 5 

shows the seasonal climatology of the SLA field in the subpolar Southern Ocean. Two regions with different regimes stand 

out: the off-shelf and the on-shelf ocean. On the shelf, SLA reaches a maximum in winter (May to August), and a minimum 

in summer (December to March). In the off-shelf ocean, SLA reaches a maximum in summer (December-January) and a 

minimum in April-July. These observations match the seasonality described in (Auger et al., 2022b). Below, we present a 310 

series of validation efforts to gauge the typical error associated with these time-series. 

 

https://doi.org/10.5194/essd-2025-653
Preprint. Discussion started: 10 November 2025
c© Author(s) 2025. CC BY 4.0 License.



13 

 

 

Figure 4: (a-b) SLA field averaged over February 2007, from CMEMS (a) and from our product (b). (c-d) Same as before, for the 

month of August 2007. (e) Time series of the SLA averaged over five sectors of the subpolar Southern Ocean (south of 62ºS; see 315 

inset). The daily data has been smoothed with a 6-month rolling average. 
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Figure 5: SLA climatology in the subpolar Southern Ocean, defined as the -180 cm MDT contour from Armitage et al. (2018). 

4.2 Validations 

4.2.1 Consistency between missions 320 

As a first validation step, we confront fully edited and calibrated altimetry missions output with one another. Each mission 

utilizes different instruments, retracking algorithms and independent processing chains. Hence, a high level of agreement 

between missions is a strong indicator that the observed signal is geophysical in nature rather than noise. In Fig. 6, Cryosat-2 

is used as the reference due to its temporal overlap with the three other satellites. Time series of spatially averaged SLA south 

of 70°S derived from individual satellites show strong mutual consistency (Fig. 6a,d). The same monthly to seasonal variations 325 

are picked up. The Pearson correlation coefficient (R) and root-mean-square difference (RMSD) relative to Cryosat-2 are: R 

= 0.91 and RMSD = 1.20 cm for Envisat, R = 0.87 and RMSD = 1.18 cm for Saral, R = 0.83 and RMSD = 1.11 cm for Sentinel-

3A. Additionally, monthly snapshots of SLA fields reveal good agreement in large-scale spatial patterns across missions (Fig. 

6b,c and e,g). While discrepancies are evident at smaller spatial scales, they are largely attributable to differences in satellite 

orbital characteristics. Indeed, each satellite samples the sea surface at different times and locations within a given month, 330 

introducing variability across mission-specific SLA fields. This highlights the benefit of merging the missions to gain 

precision. 
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Figure 6: (a/d) Time-series of the spatially averaged SLA south of 70°S for satellite missions on their overlapping time range (a: 

Envisat vs Cryosat-2, d: Saral vs Cryosat-2 vs Sentinel-3A. (b-c/e-g) Comparison of monthly SLA snapshots. b and c correspond to 335 

the SLA field from Envisat and Cryosat-2, respectively, in September 2011. e, f and g correspond to the SLA field from Sentinel-3A, 

Cryosat-2 and Saral, respectively, in July 2018. 
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4.2.2 Satellite along-tracks vs maps 

Another way to gauge the consistency between missions is to compare along-track SLA measurements from a given altimetry 

mission with interpolated SLA fields generated using the other missions. This method allows us to assess potential 340 

inconsistencies between missions as well as evaluate the error introduced by the mapping procedure. We produce a set of five 

comparisons. Along-track SLA observations were first smoothed with a 15-km running mean to reduce high frequency noise. 

The corresponding gridded SLA values are interpolated onto the along-track positions. For each along-track position, the error 

is defined as SLAalong-track - SLAinterpolated. These pointwise error estimates are then aggregated onto a 1°x1° grid, and a root-

mean-square error (RMSE) is calculated at every grid cell.  This metric is not a comprehensive uncertainty estimate but it 345 

provides a practical measure of how well the interpolated maps retrieve the signal measured by an independent along-track 

signal. Given that our open-ocean reconstruction matches well the DUACS dataset, this comparison framework enables us to 

benchmark the performance of our mapping strategy in the ice-covered regions, relative to the better characterized open ocean. 

 

Figure 7 presents the RMSE map in winter computed from the comparison between Cryosat-2 along track and Envisat mapped, 350 

and the RMSE distributions from all the comparisons. Maximum RMSE values, up to 10 cm, can be found in the very energetic 

regions of the ACC (Fig.7a). In these regions, intense mesoscale activity (Hughes and Ash, 2001) leads to discrepancies 

between the localized along track observations and the interpolated fields, especially if the altimeters that are mapped do not 

sample the region observed by the along-track altimeter at the same time. Large RMSEs are also found in the permanently ice-

covered regions (black dashed region) of the Weddell Sea due to higher retrieval uncertainties linked to artefacts in the MSS. 355 

A third area of interest is the transition zone between open ocean and sea-ice-covered regions (south of the white dotted 

contour), which appears as a visible fringe of elevated RMSE, explained by scarcity of sampling. Outside of these regions, the 

RMSE remains broadly consistent across both open-ocean and ice-covered domains, with median values of 4.0 cm and 3.7 cm, 

respectively. Similar results are obtained for the other mission combinations, with typical RMSE values around 4 cm, and a 

slight tendency toward lower RMSE under sea ice (Fig. 7b). These results indicate that our processing of lead returns from the 360 

sea-ice domain is of a comparable quality to the more standard open ocean processing. As the latter performed well against 

DUACS, it provides confidence that our merged (open ocean and sea-ice) dataset behaves well. At face value, the computed 

RMSEs should tend to overestimate the errors of our product. Indeed, since the final multi-mission dataset integrates all 

satellite missions simultaneously, its effective precision is expected to be higher than what is estimated from these leave-one-

out comparisons. 365 
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Figure 7: (a) Winter (June-July-August) RMSE map of Sentinel-3A along-track values compared to interpolated data from a 

Altika/Cryosat-2 map, during the period 2016-2021. The with dotted line is the 5% contour of sea-ice cover for the climatological 370 

JJA season computed for 2016-2021. The black dashed line is the 3% contour of the climatological minimum of sea ice concentration 

for 2016-2021. (b) Distribution of grid-cell RMSE for the 5 sets of along-track/map comparison. Open-ocean grid cells are in blue 

and (seasonally) ice-covered cells in orange. They are categorized according to the white contours shown in panel a: ice-covered cells 

correspond here to grid cells south of the outer white contour.  

4.2.3 Formal error 375 

The formal error associated with optimal interpolation (OI) represents the expected error variance of the interpolated sea level 

estimate at each grid point. It quantifies the confidence in the gridded field based on both the spatial distribution and density 

of observations. In practice, it provides a lower bound on the total uncertainty under the assumptions of the interpolation 

scheme, i.e. unbiased errors and known covariances. Here, we use the formal error as a proxy for the local uncertainty in the 

reconstructed Sea Level Anomaly (SLA) field.  380 

 

Fig. 8 presents daily maps of this formal error under different satellite observation scenarios. Panel a corresponds to a day in 

August 2004, during which only Envisat data is used. The average formal error at that time is 1.7 cm, with higher uncertainty 

concentrated within highly energetic regions (i.e., oceanic storm tracks in the ACC), the marginal ice zone, and certain coastal 

areas. Banded patterns stem from the uneven distribution of satellite tracks. Overall, uncertainty hotspots reflect the combined 385 

effects of lower observation density, stronger mesoscale activity, and signal aliasing due to the limitations of a single-mission 

dataset. Panel b of Fig. 8 illustrates the formal mapping error for a day in 2012 when only CryoSat-2 data is available. Despite 

the improved precision of its Synthetic Aperture Radar mode over leads compared to what can be achieved by e.g. Envisat 

(REF), CryoSat-2 has two intrinsic limitations for SLA mapping: its SARM acquisition does not extend close to the coast in 

many regions, and its orbit results in non-uniform sampling with temporal gaps. These limitations manifest as increased 390 

globally averaged (i.e. south of 30°S) formal errors, with pronounced striping artifacts and degraded confidence near the coast, 

clearly visible both in the map (Fig .8b) and the time series (Fig. 8e). Panel c of Fig. 8 illustrates the formal error on a 
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representative day in August 2019, when the multi-mission dataset includes CryoSat-2, Saral, and Sentinel-3A in addition to 

Envisat. The incorporation of multiple satellite tracks improves spatial sampling and cross-track resolution, leading to a 

reduction in the average formal error to 1.1 cm. Although the same dynamical regions (ACC, MIZ, and coastal zones) remain 395 

areas of enhanced uncertainty, the magnitude of these errors is significantly lower, confirming the benefit of multi-mission 

products. 

 

Overall, the formal error analysis gives a typical uncertainty of about 1.5 cm for our product, in line with Armitage et al. (2016) 

and Giles et al. (2012) estimations. The subpolar ocean has an average uncertainty of 1.3 cm, with larger uncertainties on the 400 

continental shelf (average: 1.9 cm) than north of it (average: 1.2 cm). These are average numbers: the local uncertainty can be 

quite different as it is strongly affected by the density of observations, i.e. the number of satellites available and their orbit 

(Fig. 8e). We note that the formal error does not capture systematic errors, such as satellite-specific biases, retracking 

uncertainties, or residual geophysical corrections. As such, while the formal error maps are valuable diagnostic tools, they 

must be interpreted as only one component of the total uncertainty, not a complete representation of it. 405 

 

Figure 8: (Top) Optimal interpolation formal error maps for three different days. (a) is 06/08/2004, with only Envisat 

data. (b) is 04/08/2012, with only Cryosat-2. (c) is 08/08/2019, with Cryosat-2, Saral and Sentinel-3A data. (Bottom) (d) 

Time average daily formal error map. (e) Spatially averaged formal error time series, for several subdomains: south 

of 50ºS in blue, subpolar domain in orange, off-shelf subpolar domain in green and on-shelf subpolar domain in red. 410 

The subpolar Southern Ocean is defined by a -180cm MDT contour shown as the continuous black contour in d; the 

off-shelf/on-shelf separation is defined by the 1000 m bathymetric contour shown as a dashed black contour in d. 
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4.2.4 In-situ comparisons 

An alternative validation method that assesses the net error associated with the satellite-derived data set is to compare it with 

observations from in-situ instruments. We use six tide gauges and five Bottom Pressure Recorders (BPRs) for this validation 415 

step (Fig. 9a). The majority of BPRs are located in the Atlantic sector of the subpolar Southern Ocean, while all tide gauges 

are deployed on the Antarctic coast, either in the Indian or Atlantic sector. There are several caveats to this comparison. First, 

the number of available instruments remains limited, reflecting the scarcity of sustained observational platforms in the 

Southern Ocean. Nevertheless, this study compiles the largest set of in situ records used for SLA validation in this region to 

date, expanding on earlier efforts (e.g. Armitage et al., 2016; Auger et al., 2022a; Veillard et al., 2024). Second, the spatial 420 

coverage is restricted to the Atlantic and Indian Ocean sectors, with no data available from the Pacific sector. Finally, the 

operational periods of the instruments primarily overlap with the first half of the altimetry record. It is the period with only 

Envisat, hence not the most accurate (Fig. 8e). 

 

Despite these limitations, the comparison provides valuable insight into the product performance. Because in situ observations 425 

and the satellite product are associated with distinct temporal and spatial scales, we filter the observations to make a reliable 

comparison. For tide gauges, both the product and in situ time series are smoothed using a 15-day moving average. For BPRs, 

the 60-day rolling average is removed from the 15-day rolling average to isolate variability within the 15–60 day frequency 

band; at frequencies lower than 60 days the BPR signals are more likely to not be associated with SLA signals (Vinogradova 

et al., 2007). In addition, SLA time series from the satellite-based dataset are spatially averaged within a 150 km radius of each 430 

in situ instrument after applying a 150 km Gaussian smoothing filter. Correlations between the satellite-derived SLA and tide-

gauge observations are all statistically significant (p ≪ 0.05) with correlation coefficients ranging from 0.44 to 0.73 depending 

on the tide gauge (Table 4, Fig. S5-10). Two examples of time series are shown in Fig. 9(b,d) to illustrate the good agreement 

including under sea-ice cover (gray shading on Fig. 9). We find correlation coefficients of 0.73 and 0.59 and RMSE values of 

4.3 and 3.8 cm for the time series shown in panels b and d, respectively. Seasonal cycles are well captured, although some 435 

discrepancies in amplitude are noted. Shorter-timescale variability (~15 days) is also partially resolved by the product. A 

regression analysis aggregating all tide gauge data points during sea ice conditions (> 10% ice cover) yields a correlation of 

0.58 and an RMSE of 4.8 cm (Fig. 9c). The regression deviates from the 1:1 line, with extreme SLA values being biased low 

in the satellite-derived product. The slope of the linear fit between the aggregated tide gauges and our altimeter product is 

around 0.47. This may be attributed to several factors: the coastal proximity of tide gauges, where satellite altimetry 440 

performance is known to degrade; the temporal mismatch between satellite overpasses and short-lived coastal features; the 

smoothing and averaging applied to the product; and the uncertainty introduced by tidal aliasing and corrections in polar coastal 

regions.  Similar to the comparison with the tide gauges, all correlations between satellite-based SLA and BPRs are statistically 

significant, with correlation coefficients ranging from 0.45 to 0.83 depending on the BPR (Table 5; Fig. S11-15). One example 

of time series shown in Fig. 9f demonstrates that SLA variability in the 15–60-day range is well captured, with a correlation 445 
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of 0.52. A regression analysis combining all BPR data points yields a correlation of 0.66 and an RMSE of 1.1 cm for ice-

covered periods (Fig. 9e). Similar to the tide gauge comparison, the regression slope deviates from the 1:1 line, confirming 

that the product underestimates the largest local SLA values. 

 

Overall, these results confronting our satellite-based SLA estimate to in situ observations confirm that the product reliably 450 

captures mesoscale and sub-seasonal SLA variability even in ice-affected regions, with an error of 1-5 cm and a tendency to 

underestimate the largest SLA extremes. Largest error estimates (4-5 cm) are associated with comparison with tide gauges that 

are all coastal. Further away from the coast, error estimates computed from comparisons with BPRs drop to 1-2 cm. 

 

 455 
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Figure 9: (a) In-situ instrument locations. Stars are tide gauges, circles are BPRs. (b) Time series of in-situ SLA measured by the 

Davis tide gauge (blue) and the associated altimetric SLA (orange). The latter is obtained by averaging all grid points within a 150 

km radius of the tide gauge. Both time series are smoothed with a 15-day rolling average. The grey shading corresponds to periods 

with a sea-ice concentration higher than 10% (obtained from OSISAF). (d) Same as (b) for the Mawson tide gauge. (f) Same as (b) 

for the Myrtle C Bottom Pressure Recorder. In this instance, both time series are smoothed with a 15-day rolling average. The 60-460 

day rolling average is then subtracted to keep the variability in the 15-60 days band. (c) Product SLA vs Tide gauge SLA in a two-

dimensional histogram obtained by aggregating all data points from the tide gauge comparisons that coincide with a period of sea-

ice concentration higher than 10%. The associated regression is plotted in red, and the 1:1 line is shown in dashed black. (e) Same 

as (c) but for BPR data vs product SLA. 

 465 

Tide gauges Casey Davis Dumont d’Urville Faraday Mawson Syowa Total 

Pearson R 0.65 0.59 0.44 0.51 0.73 0.57 0.58 

RMSE (in cm) 3.5 3.8 5.0 4.6 4.3 5.8 4.8 

Table 4: Comparison metrics with tide gauges. 

 

Bottom Pressure Recorders Myrtle B Myrtle C DPS DPS Deep ANT17 JARE Total 

Pearson R 0.45 (0.45) 0.78 (0.83) 0.55 (0.68) 0.65 (0.64) 0.52 (0.56) 0.68 (0.59) 0.59 (0.66) 

RMSE (in cm) 1.1 (1.1) 0.9 (1.2) 1.1 (1.3) 1.0 (1.1) 0.9 (0.9) 2.1 (2.1) 1.0 (1.1) 

Table 5: Comparison metrics with the full Bottom Pressure Recorders time series. In brackets, the metrics associated with only 

data points when sea-ice concentration is greater than 10%. 

4.2.5 Comparison with a recent altimetry product 470 

The SSH product presented here is compared to the altimetry product from Dragomir et al. (2024), also presented in Cocks et 

al. (2025). It uses Envisat and Cryosat-2 data spanning 2003-2018. Although the two products share these satellite missions, 

their processing methodologies are entirely independent. Figure S16 shows the comparison: at monthly timescales and regional 

scales across the subpolar Southern Ocean, the products exhibit a correlation of 0.83 and a root mean square difference (RMSD) 

of 2.1 cm. This independent validation provides further evidence of the robustness of our methodology. 475 

5 Discussion 

In this study, we presented the methodology behind the retrieval of Sea Level Anomalies (SLA) in ice-covered regions over 

the period 2003-2021. The approach is based on detecting and reprocessing previously acquired radar echoes that are coming 
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from leads in the sea-ice cover. SLA measurements are extracted from them. While certain assumptions—such as neglecting 

sea state bias (SSB) in leads—are not entirely satisfactory, they are necessary compromises to enable this SLA estimation. 480 

After data editing, the density of valid observations in ice-covered regions is lower than in the open ocean. However, these 

retained points are of high quality, and the along-track profiles demonstrate good continuity across the sea-ice edge. Along-

track data from four satellite altimetry missions are combined together to construct an SLA product. This dataset, presented 

here, is the longest time series currently available for the entire Southern Ocean, spanning 19 years. It provides consistent SLA 

fields across both open-ocean and ice-covered regions, with smooth transitions at the ice edge. It captures large-scale and some 485 

mesoscale variability, indicating the physical coherence of the signal throughout the domain. 

 

Multiple validation procedures were carried out. First, computed SLA in open-ocean regions is compared with the DUACS 

reference product. Both datasets show good agreement with high correlation for most grid points. Then, input satellite missions 

were separately grouped, binned and then cross-compared. This exercise showed that their outputs are consistent despite 490 

independent processing pipelines and differences in instrumentation, measurement modes, frequency bands. It shows that no 

mission-specific biases were introduced by mission-specific choices. This consistency supports the robustness of the global 

processing strategy. Furthermore, the difference between along-tracks and independent maps in both open-ocean and ice-

covered domains was computed. The results suggest that our overall process extracts comparable levels of signal and variability 

from leads and open-water along-track data. Given the high confidence in the open-ocean component, this result indicates that 495 

the dataset provides a reliable estimate of SLA in the sea-ice-covered Southern Ocean. Finally, we conducted a comparison 

with in situ observations from tide gauges and bottom pressure recorders. While these observations are scarce and mostly 

available for the first half of the time period (2003–2013), they nonetheless provide an independent benchmark. Overall, the 

correlations are statistically significant (p ≪ 0.005) and are in line with those reported by Armitage et al. (2016) for the Arctic. 

Specifically, we find a mean correlation coefficient of 0.58 for tide gauges and 0.66 for BPRs, comparable to Armitage’s 500 

values of 0.58 and 0.64 from tide gauge comparisons in the Laptev and Kara Seas, respectively. These results indicate that the 

product captures physical variability on timescales longer than 10 days, at least during the earlier period of the dataset. As 

more satellite missions are incorporated in the later years, the product may improve its capacity to resolve shorter-timescale 

variability. Nevertheless, some discrepancies remain. In particular, extreme SLA values observed in tide gauge records are not 

fully reproduced by the altimetry product. This is reflected in the slope of the linear fit between altimetry and tide gauge SLA, 505 

which is 0.47—deviating from the ideal 1:1 relationship. Armitage et al. (2014) similarly report slopes of 0.54 and 0.49 in 

their Arctic comparisons. These discrepancies likely stem from processes unresolved by satellite altimetry, which is inherently 

optimized for capturing large-scale circulation. One potential contributor is the tidal correction model used to derive SLA: in 

complex coastal and semi-enclosed environments where tide gauges are often located, tide models typically perform poorly. 

Despite these limitations, the in-situ comparisons support the reliability of our dataset and confirm its ability to capture 510 

meaningful physical variability in ice-covered regions of the Southern Ocean. 
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The uncertainty associated with the dataset was also evaluated. Multiple sources contribute to the total error budget, including 

instrumental noise, unresolved high-frequency SLA variability, orbit errors, and inaccuracies in the applied geophysical 

corrections. Due to the scarcity of independent reference data—particularly in ice-covered regions—it remains difficult to 

isolate and quantify the contribution of each component individually. Instead, we rely on the formal error output from the 515 

Optimal Interpolation (OI) process as a practical proxy for uncertainty. While this formal error provides a consistent and 

spatially explicit estimate, it should be considered a lower-bound uncertainty. It does not account for systematic biases in SLA 

retrievals or for potential inaccuracies in tide and atmospheric corrections. Based on this approach, the estimated uncertainty 

in the open ocean is approximately 1.5 cm, and decreases to 1.3 cm in the subpolar Southern Ocean. Off the continental shelf, 

the uncertainty remains relatively low (~1.2 cm), but can exceed 1.9 cm in coastal and shelf regions. These values are consistent 520 

with our independent validation using tide gauges, which show a root mean square error (RMSE) of 4.3 cm. 

 

This dataset represents a significant step forward in observing sea level variability in the Southern Ocean, particularly in 

regions previously obscured by sea ice. With nearly two decades of consistent altimetry coverage across both open ocean and 

ice-covered areas, it enables new opportunities to investigate large-scale and mesoscale ocean dynamics, trend analysis, and 525 

interannual variability in sea level under Antarctic sea-ice. It can support studies of subpolar gyre variability (Dotto et al., 

2018) Antarctic Bottom Water export, and ice-shelf–ocean interactions (Lauber et al., 2023), especially where other observing 

systems are limited. By extending the observational record and bridging the observational gap across the ice edge, this dataset 

provides a valuable resource to better understand the Southern Ocean’s role in the climate system. 
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