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Abstract. For three decades, ice sheet elevation records from satellite radar altimetry have provided new insight into the 

state of the cryosphere and its contribution to global sea-level rise. The availability of robust, consistent and traceable 10 

uncertainties alongside ice sheet elevation data is crucial for combining measurements across missions and enabling their use 

in reconciling estimates of ice sheet mass balance and constraining numerical ice sheet models. At present, such 

uncertainties are largely absent from existing Level 2 ice sheet elevation products, and for the subset of products where 

uncertainties are provided, there is neither a standardised approach to uncertainty generation nor a method to evaluate their 

robustness. Here, we develop a novel uncertainty evaluation framework and provide a comprehensive assessment of 15 

uncertainty generation for altimetry-based ice sheet elevations. Overall, we find that calculating uncertainty as a 

parameterisation of topographic complexity (characterised by surface slope and roughness) and measurement quality 

(characterised by backscattered power and coherence) improves performance relative to solutions that use fewer co-variates. 

Ultimately, the framework presented here will enable the systematic characterisation of ice sheet elevation uncertainties 

associated with historical, current and future polar radar altimeter missions, including the Copernicus Polar Ice and Snow 20 

Topography Altimeter (CRISTAL). Such information will aid the successful combination of altimetry measurements across 

missions, improve the constraint of numerical ice sheet models, and enable more certain estimates of current and future ice 

sheet mass balance and global sea-level rise.  

1. Introduction 

Satellite radar altimeters have provided a largely uninterrupted record of ice sheet elevation in the polar regions for more 25 

than a quarter of a century. By resolving comprehensive signals of elevation change at a kilometre-scale spatial resolution, 

satellite radar altimetry has enabled the large-scale monitoring of the Antarctic and Greenland ice sheets (Konrad et al., 

2017; Shepherd et al., 2019; Suryawanshi et al., 2025). Specifically, the launch of satellite altimeters carrying conventional 

pulse-limited radar instruments (ERS-1, ERS-2, Envisat, AltiKa), those capable of Synthetic Aperture Radar (SAR) 

processing (Sentinel-3), and those with SAR interferometric capability (CryoSat-2), have provided detailed topographical 30 

information (Remy et al., 1989; Bamber and Bindschadler, 1997; Bamber et al., 2009; Helm et al., 2014), alongside accurate 
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estimations of ice sheet volume (Davis and Ferguson, 2004; Johannessen et al., 2005) and mass change (Wingham et al., 

2006a; Zwally et al., 2011; Shepherd et al., 2012; McMillan et al., 2014; 2016). The latter, together with estimates of ice 

thickness, surface mass balance and flow (Moon et al., 2012; Mouginot et al., 2017; Gardner et al., 2018) and changes in 

Earth’s gravity field (Tapley et al., 2019; Velicogna et al., 2020; Sasgen et al., 2020), have contributed to reconciled 35 

estimates of ice sheet mass balance (The IMBIE Team, 2018; 2020; Otosaka et al., 2022). Altimetry-derived ice sheet 

elevation estimates (McMillan et al., 2014; Sørensen et al., 2015; Schröder et al., 2019; Nilsson et al., 2022) have also 

improved process-based understanding of subglacial hydrology (Smith et al., 2017; Siegfried and Fricker, 2018; Malczyk et 

al., 2020) and the ice-ocean interface (Adusumilli et al., 2020; Davison et al., 2022; Gourmelen et al., 2025). 

 40 

To capitalise fully on the extensive value of satellite altimetry, it is necessary for robust and traceable uncertainties to be 

provided alongside ice sheet elevation measurements, where uncertainty represents the potential deviation between the 

retrieved elevation and the true surface height. In the context of numerical ice sheet modelling, for example, interpretable 

uncertainties are a key constraint when estimating current and future ice sheet behaviour (Hebeler et al., 2008). In parallel, 

consistent and well-characterised uncertainties are required across coincident altimetry missions for the development of 45 

formal data assimilation frameworks. At present, uncertainties are absent from the standard CryoSat-2 ground segment 

(ESA, 2023a; 2023b) and from existing Sentinel-3 ice sheet elevation products (ESA, 2025a). Transparent, traceable 

uncertainties are provided within the CryoSat-2 TheMatic PrOduct (Cryo-TEMPO) Point of Closest Approach (POCA) 

product (ESA, 2025b) and the Cryo-TEMPO Elevation Over Land Ice from Swath (EOLIS) product (ESA, 2019) but are 

produced using differing methodologies. The scarcity of existing uncertainties, compounded by their lack of standardisation, 50 

necessitates the development of a novel framework for evaluating the uncertainties of altimetry-based ice sheet elevations. 

Such a framework would enable, for the first time, an assessment of the extent to which new and existing uncertainties 

characterise the true accuracy of the ice sheet elevation measurements.  

 

In this study, we develop a new framework for evaluating the performance of uncertainties generated for radar altimetry-55 

based ice sheet elevation measurements. We apply this framework to intercompare existing methods of uncertainty 

generation associated with the CryoSat-2 Cryo-TEMPO POCA and Cryo-TEMPO EOLIS products. Next, we show how the 

framework can be used as the basis for developing new uncertainties for datasets currently lacking such information; in this 

case the Sentinel-3 thematic land ice product.  

2. Uncertainty Evaluation Framework 60 

Currently, there exists no approach within the ice sheet community for assessing the robustness of altimetry-derived ice 

elevation uncertainties. This study develops a framework to assess numerous methods of uncertainty generation for the 
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purpose of evolving, optimising and harmonising existing approaches, and for evaluating their application to existing and 

upcoming altimeter-derived products.  

 65 

Here, we present our framework for uncertainty assessment that evaluates the extent to which the calculated uncertainty 

values adequately capture the true deviation from an unseen reference dataset. To this end, we generate an uncertainty 

lookup table using data spanning a full year (nominally 2020) (further details on the approach are provided in Section 3.2.1). 

The uncertainty lookup table is then used to assign uncertainties to elevation measurements spanning 2022, which are 

compared to a set of unseen, co-located elevation differences that are generated with respect to a reference dataset. The 70 

similarity between the uncertainty values and the unseen elevation differences are assessed in two stages.  

 

In the first stage of the framework, the overall distribution of all elevation differences from our unseen (2022) dataset is 

compared to the corresponding distribution of uncertainty values. Closely matching distributions indicate that the overall 

distribution of uncertainties is realistic at an aggregated ice sheet scale, which is a desirable characteristic, but do not provide 75 

more granular details relating to the appropriateness of the uncertainties associated with individual points. Distribution 

similarity is quantified through comparison of their median and upper/lower quartiles as the distributions are typically non-

Gaussian. 

 

In the second stage of the framework, for each co-located elevation difference measurement, the residual to the uncertainty is 80 

calculated, as shown below:  

𝑟𝑒𝑠𝑖𝑑 = 	 (𝐸!"#,% −	𝐸&'(,%( −	𝜎%  (1) 

where  𝐸!"#,% and 𝐸&'(,% are the 𝑖th pair of altimeter and reference elevations, respectively, and 𝜎% is the uncertainty associated 

with the 𝑖th elevation measurement, as derived from our lookup table. The distribution of residuals reflects the proportion of 

measurements where the uncertainty value under- or over-estimates the actual magnitude of the difference relative to a 85 

reference measurement, whereby negative (positive) residuals represent over- (under-)estimated uncertainty values. An 

assessment of the distribution of residuals is made according to their centrality and width. It is preferable for the distribution 

to have a narrow peak centred close to zero, indicating a close correspondence between individual uncertainty and elevation 

difference values. The median residual value denotes the deviation from a zero-centred distribution (i.e. overall tendency to 

over- or under-estimate uncertainty), while the interquartile range (IQR) is representative of the width of the peak (i.e. 90 

overall characterisation of the magnitude of over- or under-estimation).  

 

https://doi.org/10.5194/egusphere-2026-556
Preprint. Discussion started: 17 March 2026
c© Author(s) 2026. CC BY 4.0 License.



4 
 

3. Data and methods 

3.1 Data 

3.1.1 Altimetry data 95 

As introduced in Section 1, the uncertainty evaluation framework is applied, first, to intercompare existing methods of 

uncertainty generation, focussing on data acquired by CryoSat-2. Second, the framework is used as the basis for developing 

new uncertainties for Sentinel-3 datasets currently lacking assigned uncertainties.  

 

Towards the first aim, the framework is utilised to compare and align the approaches to uncertainty generation taken by 100 

Cryo-TEMPO POCA and Cryo-TEMPO EOLIS (Section 3.2.1). To this end, we use ESA CryoSat-2 L2 in-depth (L2I) 

Baseline E data (Figure B1a; ESA, 2023b) in place of the Cryo-TEMPO POCA dataset to generate the uncertainties owing to 

the necessity to include additional co-variate parameters, such as backscattered power and interferometric coherence, which 

are inherent to the L2I dataset. For the swath processed data, we use the Cryo-TEMPO EOLIS data (Figure B1b; Gourmelen 

et al., 2018; ESA, 2019). Uncertainty lookup tables are generated separately for Antarctica and Greenland using elevation 105 

data spanning 2020, and later used to assign uncertainties to elevation measurements in 2022 (Section 2). Analysis was 

conducted over regions where CryoSat-2 operates in SAR Interferometric (SARIn) mode only as Cryo-TEMPO EOLIS data 

is unavailable elsewhere and both datasets were required for inter-comparison purposes. 

 

Towards the second aim, we use ESA Sentinel-3 Level-2 Hydro-Cryo Thematic products BC-005 data (Figure B1c; ESA, 110 

2025a) to generate and evaluate ice sheet elevation uncertainties for the first time. As above, uncertainty lookup tables are 

generated separately for Antarctica and Greenland using all available elevation data acquired over the ice sheets in 2020. 

Uncertainties were later assigned to Sentinel-3 Level-2 thematic ice sheet elevation measurements in 2022 (Section 2).  

3.1.2 Reference data 

The reference data consist of ICESat-2 ATL-06 v006 land-ice surface height measurements (Smith et al., 2023). When 115 

generating the uncertainties, the ICESat-2 data are co-located in space and time to the altimetry measurements acquired in 

2020 (Section 3.2.1). To evaluate the uncertainties, co-located ICESat-2 data acquired in 2022 are used as the unseen 

reference dataset (Section 2).  

 

ICESat-2 was chosen as the reference dataset owing to its comprehensive ice-sheet-wide coverage with a 91-day repeat cycle 120 

at a high along-track spatial resolution of ~20 m, and its temporally overlapping availability with CryoSat-2 data. The 

geolocated ice surface heights are assumed to represent the truth owing to the centimetre-scale precision and several-metre 

horizontal positioning accuracy provided by the six lidar beams arranged as three pairs. Specifically, comparisons with 

GNSS data have shown the accuracy of ALT06 to be <3.3 cm, with a surface measurement precision of <7.2 cm over the ice 
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sheet interior (Brunt et al., 2019; 2021), with an accuracy of 1.5 cm and a precision of 9.1 cm over a test zone covering a 125 

variety of Antarctic ice surface conditions (Li et al., 2021).  

3.1.3 Auxiliary data 

Several auxiliary datasets are required for the generation of uncertainties, specifically when binning elevation differences in 

the construction of the lookup table (Section 3.2.1). In this study, the use of up to four co-variates is assessed. Similar to the 

approach taken by Cryo-TEMPO EOLIS (Section 3.2.1), the co-variates tested include combinations of surface slope, 130 

surface roughness and power; plus coherence for CryoSat-2 interferometric acquisitions, as these variables have been shown 

to impact the quality of radar altimetry-derived elevations. 

 

The slope and roughness data used to generate all uncertainties assessed in this study were derived for the Antarctic Ice 

Sheet using the REMA v2.0 100 m resolution DEM mosaic (Howat et al., 2022) and for the Greenland Ice Sheet using the 135 

ArcticDEM v4.1 100 m resolution DEM mosaic (Porter et al., 2023). At each elevation point, a best-fit plane was estimated 

using Singular Value Decomposition (SVD) applied to a 9x9-pixel neighbourhood (900x900 m). Slope was computed as the 

magnitude of the plane’s gradient (in degrees) (Figure B2a, c), and roughness as the standard deviation of the orthogonal 

residuals from the fitted plane (in metres) (Figure B2b, d) (Phillips and McMillan, 2024). This approach explicitly decouples 

slope from roughness, avoiding the artificial correlation introduced by conventional methods that measure local elevation 140 

variance without accounting for topographic inclination (Phillips and McMillan, 2024). The remaining auxiliary data, 

namely coherence (Figure B1d) and backscattered power (Figure B1e-f), are provided in the Level-2 data (Section 3.1.1).  

3.2 Methods 

3.2.1 Existing approaches to uncertainty estimation 

Within the context of existing ice sheet altimetry processing chains, two CryoSat-2-derived Level-2 products include 145 

uncertainty estimates alongside ice elevation measurements: the Cryo-TEMPO Point of Closest Approach (POCA) product 

(ESA, 2025b), and the Cryo-TEMPO Elevation Over Land Ice from Swath (EOLIS) product (ESA, 2019). Here, we briefly 

review the approaches taken towards uncertainty estimation by each of these processing chains to identify potential 

opportunities for refining the existing methodologies.  

 150 

The approach taken by both Cryo-TEMPO POCA and Cryo-TEMPO EOLIS to estimate the uncertainty of ice sheet 

elevation retrievals is based upon an empirical parameterisation of the difference in elevation relative to a reference 

measurement, where the parameterisation is based upon a set of auxiliary variables. An empirical, “top-down” approach to 

uncertainty estimation is taken, rather than a formal, “bottom-up” propagation of uncertainties from Level 0 or 1 data, as the 

latter does not currently exist.  155 
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For the Cryo-TEMPO POCA product, the elevation difference to a reference dataset is parameterised as a function of surface 

slope and, optionally, roughness, while for Cryo-TEMPO EOLIS, the elevation difference is parameterised as a function of 

across-track slope, along-track slope, roughness, power, coherence and distance to POCA. These approaches are based upon 

the understanding that radar altimeter measurement accuracy is sensitive to each of these variables, with surface slope 160 

providing a reasonable first order approximation (e.g. Schröder et al., 2019, McMillan et al., 2019). The existing approaches 

to calculating uncertainty are summarised in Table 1 and visualised in Figure 1. 

 

Table 1 – Summary of the existing approaches to calculating uncertainty. Bold highlights aspects where the approach 

differs between Cryo-TEMPO POCA and Cryo-TEMPO EOLIS. 165 
Step Cryo-TEMPO POCA approach Cryo-TEMPO EOLIS approach 

1 Compute a set of elevation differences relative to a reference dataset (ICESat-2) 

2 Compute a grid of surface slope (and roughness) based upon 

an auxiliary dataset 

Compute across-track slope, along-track slope, roughness, 

power, coherence and distance to POCA for each 

measurement 

3 Extract co-variates (from step 2) for each elevation difference estimate (from step 1) 

4 Bin elevation differences as a function of extracted co-variates (from step 3) 

5 Compute the median absolute elevation difference within 

each bin, and store as a lookup table 

Compute the upper bound of the confidence interval of the 

standard deviation of the elevation difference within each 

bin, and store as a lookup table 

6 Write the uncertainty associated with each POCA elevation measurement based upon the co-variates at the POCA location and 

the uncertainty value from the lookup table 

 

To generate a set of elevation differences relative to a reference dataset (Step 1), the effects of temporal changes in surface 

elevation between the altimetry (CryoSat-2) and reference (ICESat-2) measurements are minimised by restricting the time 

difference to be less than 1 month in the Cryo-TEMPO POCA approach, and less than 10 days for the Cryo-TEMPO EOLIS 

approach. A more stringent temporal constraint is applied to the latter owing to the larger amount of data associated with the 170 

swath-processed dataset. There is also a requirement that the CryoSat-2 and ICESat-2 measurements are co-located within 

20 m of each other (i.e. an order of magnitude less than the CryoSat-2 footprint resolution) for the Cryo-TEMPO POCA 

approach, in order to minimise any small-scale topographic impact. For the Cryo-TEMPO EOLIS approach, the co-location 

radius is set to 50 m, and a slope correction is then applied to minimise errors due to variation in topography. Once a set of 𝑖 

elevation difference pairs are identified, a corresponding set of elevation differences is computed: 175 

∆𝐸% =	𝐸)*+,,% −	𝐸&'(,%  (2) 

where 𝐸)*+,,%  and 	𝐸&'(,%  are the 𝑖th pair of CryoSat-2 and ICESat-2 elevations, respectively. These differences combine 

several factors, including errors in the CryoSat-2 and ICESat-2 measurements and residual differences due to the 
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misalignment of acquisitions in space and time. Owing to the availability of co-located ICESat-2 measurements, elevation 

differences are available for a subset of CryoSat-2 measurements only, so the elevation differences themselves cannot be 180 

used to assign every measurement an associated uncertainty.  

 

Once the set of elevation differences are derived, for each measurement pair, the required co-variate data are extracted, from 

an auxiliary data file if necessary (Step 3). This information is used to build a look-up table, for each ice sheet, containing 

estimates of elevation difference binned by each combination of selected co-variates (Step 4). This approach assumes that 185 

the uncertainty can be parameterised as a function of the selected co-variates. To derive an uncertainty value for each bin, 𝑗, 

based upon the input elevation difference data, the Cryo-TEMPO POCA approach computes the median absolute difference 

within each bin (Step 5): 

𝜎- = 𝑚𝑒𝑑𝑖𝑎𝑛1(∆𝐸%.-(2  (3) 

for all 𝑖 measurements in slope bin 𝑗. This metric captures both the bias and spread of elevation difference measurements 190 

relative to the reference dataset within each bin. 

 

For the Cryo-TEMPO EOLIS approach, a different metric is used to derive an uncertainty value for each bin. Instead of the 

median absolute elevation difference, the standard deviation is calculated from the binned sampled data (Step 5), which 

provides a measure of the spread, or dispersion, of the elevation differences. To ensure that the sample size in each bin is 195 

accounted for, the upper bound of the confidence interval of the standard deviation is calculated: 

𝜎- = 𝑠3
/01
2!"# $%
$    (4) 

where 𝜎- is standard deviation of the sample, 𝑛 is sample size, 𝜒3 is the Chi-square distribution and 𝑎 is set to 0.05 to give a 

one-sided 97.5% confidence interval. This upper estimate of the standard deviation is defined as the uncertainty value for 

each of the bin combinations (Cryo-TEMPO EOLIS, 2024).  200 

 

If no uncertainty value is available for a given lookup table bin due to the absence of elevation difference data, the bin value 

is estimated from linear interpolation of the surrounding bins in the Cryo-TEMPO POCA approach, but left unpopulated in 

the Cryo-TEMPO EOLIS approach. Once the lookup table is constructed, every measurement is assigned an uncertainty 

based on the lookup table and the co-variate value(s) at its location (Step 6).  205 
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Figure 1 – Uncertainty generation approach taken by Cryo-TEMPO POCA (ESA, 2025b). Boxes correspond to the 

steps described in Table 1. Approach is conceptually identical to the uncertainty generation approach taken by Cryo-TEMPO 

EOLIS (ESA, 2019), but the latter uses additional co-variates in Step 2 and a different metric in Step 5.  210 

 

While these two existing approaches to uncertainty generation are largely comparable in terms of their overall design, two 

primary differences emerge: first, the choice of co-variates governing the dimensionality of the lookup table (Step 2), and 

second, the choice of metric used to populate the lookup table (Step 5). In this study, the uncertainty evaluation framework 

that we develop is thus employed primarily to assess the optimal choice of co-variate(s) and metric when generating both 215 

existing (Section 3.2.2) and new (Section 3.2.3) uncertainties.  

3.2.2 Inter-comparison and harmonisation of existing methods 

To compare, and potentially converge, the differing existing approaches to uncertainty generation (Section 3.2.1), a set of 

lookup tables are produced and inter-compared using our new uncertainty evaluation framework. The methodologies for 

ascribing uncertainty values to ice sheet elevation measurements currently differ between the Cryo-TEMPO POCA and 220 
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Cryo-TEMPO EOLIS approaches both in terms of the number of co-variates used in the generation of the lookup table, and 

the metric used to populate the lookup table (Table 1). Thus, uncertainties are generated using various co-variate 

combinations, and three different metrics.  

 

The metrics selected for assessment are the median absolute difference (hereafter median), the upper bound of the 225 

confidence interval of the standard deviation (STD UB) and the Root Mean Square Error (RMSE). The median (Equation 3) 

and STD UB (Equation 4) are selected given their utilisation in the current approach for uncertainty quantification by Cryo-

TEMPO POCA and Cryo-TEMPO EOLIS, respectively. RMSE is included, additionally, as a metric that is more sensitive to 

the influence of outliers in the dataset. 

 230 

While standardisation in the choice of metric to populate the uncertainty lookup tables associated with both Cryo-TEMPO 

POCA and Cryo-TEMPO EOLIS is a reasonable aim, such uniformity is less well suited to the choice of co-variates used to 

build the lookup tables. Some co-variates, for example, such as the distance between POCA and each swath elevation point, 

are only suitable for use in swath processing. For this reason, the co-variates common to both datasets (i.e. slope, roughness, 

power and coherence) are used in this analysis.  235 

 

To further focus the analysis, we consider only combinations of co-variates that best explain the variability observed in the 

elevation difference dataset. Specifically, correlation coefficients are calculated to determine the statistical relationship 

between elevation difference and each co-variate by considering the predictive power of each co-variate in isolation. As 

combining co-variates may further enhance total predictive power, multi-linear regression is also carried out to determine 240 

which combination(s) of co-variates are able to best predict elevation difference.  

3.2.3 Creation of new uncertainty estimates  

To complement our inter-comparison of existing uncertainty generation methods, we also apply our new uncertainty 

evaluation framework to assess various uncertainties generated for the Sentinel-3 thematic land ice product. In this regard, 

several co-variate combinations and metrics are evaluated to ascertain their utility in the generation of Sentinel-3 ice sheet 245 

elevation uncertainties. Specifically, we evaluate the use of all potential combinations of slope, roughness and power. 

Coherence is not included here as a potential co-variate as the Sentinel-3 SAR altimeter is not an interferometric instrument. 

For the reasons stated in Section 3.2.2, we assess the same metrics considered in our CryoSat-2 assessment, namely the 

median absolute difference (hereafter median), the upper bound of the confidence interval of the standard deviation (STD 

UB) and the root mean square error (RMSE).  250 
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4. Results 

4.1 Inter-comparison and harmonisation of existing CryoSat-2 uncertainties 

First, we present the results of a statistical analysis designed to determine the most favourable combination(s) of co-variates 

to generate robust uncertainty lookup tables (Section 4.1.1). Next, to assess the robustness of potential CryoSat-2 ice 255 

elevation uncertainties and ascertain whether a standardised solution between products is suitable, we show the results of our 

uncertainty evaluation framework applied to experimental Cryo-TEMPO POCA and Cryo-TEMPO EOLIS ice elevation 

uncertainty data (Section 4.1.2).  

4.1.1 Constraining co-variate combinations 

Statistical analysis is carried out to identify the co-variate combinations that best explain the variability observed in the 260 

absolute elevation difference to a reference dataset used to generate uncertainties (Section 3.2.1). The correlation coefficients 

for each individual co-variate show that surface slope has the strongest relationship with the absolute elevation difference, 

followed by coherence (Table A1; Schröder et al., 2019, McMillan et al., 2019). Multi-linear regression indicates that the 

highest proportion of variance can be explained when all four co-variates are used, suggesting that each co-variate 

contributes useful information towards the uncertainty calculation (Table A2). Slope consistently has the most influence on 265 

absolute elevation difference as its inclusion within the regression results in R2 values higher than any combinations that 

exclude slope. Indeed, slope alone explains a greater proportion of the variance in elevation difference than roughness, 

power and coherence combined.  

 

Following this initial assessment, we focused our subsequent analysis on the following scenarios: uncertainties generated 270 

from lookup tables with all four co-variates; uncertainties generated from lookup tables built with combinations of three co-

variates that always include slope; and uncertainties generated from a lookup table with the single best co-variate pair (slope 

and coherence). In doing so, we assessed the five co-variate combinations that explain the greatest proportion of the absolute 

elevation difference data in addition to evaluating the value of including more co-variates within the uncertainty models. For 

each of these combinations, uncertainty lookup tables were generated using each of our three metrics (median, STD UB, 275 

RMSE), to allow us to additionally assess the impact of different metric choices. Thus, in total, 15 separate scenarios were 

evaluated, which are listed in Table A3.  

4.1.2 Application of uncertainty evaluation framework 

Having determined the set of scenarios to evaluate, we next applied the uncertainty evaluation framework detailed in Section 

2 to each scenario, assessing uncertainties computed for both POCA and swath-processed CryoSat-2 data in each case.  280 
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Figure 2 – Comparison of the overall distributions of the absolute elevation differences relative to the reference dataset 

(grey) and the distribution of uncertainty values calculated using the median (yellow), STD UB (blue) and RMSE (red), for 

each tested method of uncertainty generation listed in Table A3, for CryoSat-2 (a) POCA and (b) swath-processed data, over 285 

the Antarctic Ice Sheet SARIn region in 2022. Dashed and dotted horizontal black lines denote the median and lower/upper 

quartiles, respectively, of each distribution. 

 

Figure 2 shows the first component of the uncertainty evaluation framework (Section 2), which compares the overall 

distribution of uncertainties to the distribution of absolute elevation difference to a reference dataset (hereafter elevation 290 

difference), for each of our uncertainty methodologies. Figure 2 suggests that, for both datasets, the choice of metric has a 

more significant influence on the distribution of uncertainties than the combination of co-variates utilised. Thus, we first 

discuss the importance of metric choice before considering the choice of co-variates. 
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For the POCA dataset, the median metric results in an uncertainty distribution that aligns most closely with the elevation 295 

difference distribution, according to the alignment of the medians and quartiles. The proportion of higher uncertainties (>2 

m) generated using STD UB is much greater by comparison, resulting in the uncertainties exhibiting a greater deviation from 

the distribution of unseen elevation differences in most cases. For the swath dataset, the distribution of elevation differences 

is much wider than those observed for the POCA dataset. This wider distribution is generally better represented by 

uncertainties calculated using the STD UB. In both cases, the use of RMSE results in an even greater proportion of high 300 

uncertainties (>2 m) such that the distribution of uncertainty values deviates substantially from the distribution of elevation 

difference values.  

 

 
Figure 3 – Comparison of residuals (point-to-point differences between uncertainty and the unseen elevation difference to a 305 

reference dataset), for each method of uncertainty generation listed in Table A3, for CryoSat-2 (a) POCA and (b) swath-

processed data, over the Antarctic Ice Sheet SARIn region in 2022. Residual distributions are displayed as violin plots 

https://doi.org/10.5194/egusphere-2026-556
Preprint. Discussion started: 17 March 2026
c© Author(s) 2026. CC BY 4.0 License.



13 
 

whereby the width represents the proportion of data. Negative (positive) residuals represent cases where the uncertainty is 

larger (smaller) than the absolute elevation difference. Residual distributions calculated from uncertainties using the median, 

STD UB and RMSE are coloured yellow, blue and red, respectively. Black box plots are provided within each residual 310 

distribution, with a white horizontal line representing the median. The median and inter-quartile range (IQR) are provided 

for each distribution in text boxes. 

 

The second element of the uncertainty evaluation framework permits analysis of the residuals (i.e. the point-to-point 

differences between the uncertainty and the elevation difference to an unseen reference dataset) (Figure 3). For the residuals 315 

of the POCA dataset, the use of the median metric results consistently in a residual distribution centred most closely to zero 

(0.02 – 0.06 m), with the narrowest peak, as represented by the smallest IQR (1.03 – 1.22 m). A zero-centred distribution 

suggests the uncertainty estimates are largely unbiased, while a narrow peak represents a close correspondence between the 

derived uncertainty and the corresponding observed elevation difference, with ~50% of uncertainty values falling within ~1 

m of the elevation difference when the IQR is ~1 m. For the swath dataset, the residuals exhibit less sensitivity with respect 320 

to the choice of metric, albeit with the STD UB resulting in generally smaller biases (0.11 – 0.3 m) compared to the median 

(0.24 – 0.46 m), but the former resulting in a distribution of residuals with a larger IQR (3.59 – 4.02 m) than the latter (3.27 

– 3.66 m). Overall, these results indicate that the use of the median as a metric to populate the lookup table results in 

uncertainty values that correspond most closely overall to the unseen elevation difference values for both datasets, but this 

choice is less clear for the swath dataset.  325 

 

The robustness of uncertainties is shown to be further dependent on the chosen co-variates. Regardless of the metric, a 

reduction in the number of co-variates used to build the uncertainty lookup table typically adversely impacts the 

uncertainties generated for both the POCA and the swath datasets. This trend is observed both in terms of the divergence of 

the uncertainty distribution from the elevation difference distribution (Figure 2), and in terms of a shift away from residual 330 

distributions with a narrow peak, centred around zero (Figure 3). Specifically, the shift from a four-dimensional to a two-

dimensional lookup table typically increases the bias in the residuals. For the POCA uncertainties calculated using the STD 

UB, for example, a shift in the residual bias from -0.16 to -1.21 m is observed, while a shift from 0.14 to -0.3 m is observed 

for the swath residuals (Figure 3). The median metric results in a more stable uncertainty solution across all co-variate 

combinations, particularly for the POCA dataset, although a small shift in the residual bias from 0.02 to 0.06 m is still 335 

observed in this case when fewer co-variates are used (Figure 3). Thus, the framework illustrates that granting the 

uncertainty model more degrees of freedom enables the true accuracy of the data to be better captured. 

 

The cumulative distribution of residuals (Figure 4) demonstrates the proportion of over/under-estimated uncertainties, with 

the point at which the distribution intersects zero indicating the percentage of negative residuals (where the uncertainty is 340 

greater than the recorded elevation difference). The percentage of negative residuals varies according to both the chosen 
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metric, and the combination of co-variates utilised, with the former exhibiting a stronger control. For the POCA data, 60-

90% of residuals are negative (indicating over-estimated uncertainties) for uncertainty calculations using STD UB or RMSE, 

compared to ~50% when the median is used (Figure 4). For the swath data, the similarity between uncertainties generated 

using the median and the STD UB is clear, with ~45-55% of the data exhibiting a negative residual in both cases, compared 345 

to ~65% of the data when the RMSE metric is used (Figure 4). In other words, in terms of the proportion of over/under-

estimated uncertainties, the performance of the STD UB metric is more comparable to the performance of the median metric 

in the swath dataset, than it is for the POCA dataset. Regarding the choice of co-variates, the uncertainty solution for the 

POCA dataset is most stable across different co-variate combinations when the median metric is selected, whereas for the 

swath dataset, the choice of co-variates influences the uncertainties, and thus the cumulative distribution of residuals (Figure 350 

4), more significantly.  

 

The cumulative distribution of residuals (Figure 4) also provides information on the overall performance of the residuals, 

with a steep gradient around zero indicating that a high proportion of uncertainties exhibit close correspondence to the 

elevation difference. The shallower gradient associated with the swath data (Figure 4) indicates a more dispersed set of 355 

residuals suggesting a less close correspondence between uncertainties and elevation differences overall.  
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Figure 4 – Cumulative distributions of residuals (defined as the difference between the computed uncertainty and the unseen 

elevation difference relative to ICESat-2 reference dataset), for each method of uncertainty generation for CryoSat-2 POCA 360 

(left) and swath-processed (right) data, for the Antarctic Ice Sheet SARIn region in 2022.  

 

Within the previous analysis, we have considered statistics that have been aggregated over the entire coastal region of the ice 

sheet. Analysis of the spatial distribution of residuals, however, provides information on where regions of under- or over-

estimated uncertainties are found. The spatial distribution between under- and over-estimation appears to be relatively 365 

random for uncertainties generated using both the median and the STD UB (Figure B3), indicating that there is no tendency 

for our model to under- or over-estimate uncertainties in regions with specific topographic or climatological characteristics. 

To complement this, assessing the spatial distribution of the residuals can also serve to identify regions where uncertainty 

estimates are least accurate, and hence where further improvements to the uncertainty model may provide the greatest gains. 

For residuals generated from four-dimensional look-up tables using the median or STD UB, for example, values are furthest 370 

from zero nearest the coast, indicating that the generation of uncertainty estimates is less accurate in coastal regions (Figure 

5), which typically exhibit more complex surface topography and backscattering characteristics.  

 

Figure 5 – Map of residuals (the absolute difference relative to reference elevation minus the parameterised uncertainty) for 375 

a four-dimensional lookup table, populated using (a) median and (b) STD UB, for CryoSat-2 POCA data for the Antarctic 

Ice Sheet SARIn region in 2022. Negative residuals (blue) represent over-estimated uncertainties, and positive residuals 

(red) represent under-estimated uncertainties. 
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Overall, our uncertainty evaluation framework serves to (1) illuminate the impact of different methodological choices, and 

(2) identify acceptable solutions for uncertainty generation in Antarctica. For both the POCA and swath-processed CryoSat-2 380 

data, our results show that a higher dimensional lookup table that bins uncertainties according to slope, roughness, power 

and coherence tends to produce more robust uncertainties than those that are constructed using fewer co-variates. Regarding 

the choice of metric, our analysis reveals that the use of the median produces the most robust set of uncertainties for the 

POCA dataset, while the choice between the use of the median and STD UB is less clear for the swath dataset. In the latter 

case, the use of the median results in a narrower distribution of residuals (Figure 3) indicating a closer point-by-point 385 

correspondence between the uncertainties and the unseen elevation difference to a reference dataset. The use of the STD UB, 

however, yields more conservative uncertainties demonstrated by the higher proportion of negative residuals (Figure 4). For 

the swath dataset, the choice of metric thus represents a trade-off between most accurately representing the true elevation 

difference to a reference dataset or generating conservative, over-estimated uncertainties. As such, these results demonstrate 

how our uncertainty evaluation framework can provide a basis for assessing objectively the validity of uncertainties across 390 

different datasets, and for identifying a potential route towards the harmonisation of uncertainty generation across different 

CryoSat-2 Level-2 ice elevation products. 

 

Next, to assess whether the same conclusions hold when our approach is transferred to a different setting, we apply the same 

uncertainty evaluation framework to CryoSat-2 data acquired over the Greenland Ice Sheet. The results of this uncertainty 395 

evaluation, applied to the same 15 experimental uncertainty generation methods, are shown in Figures B4 - B6. Similar 

conclusions to those drawn from our Antarctic assessment relating to the benefits of a higher dimensional lookup table also 

hold for Greenland, with the residual bias being similar or smaller in magnitude when a greater number of co-variates are 

used to generate the uncertainties (Figure B5). Regarding the choice of metric, the median metric results in an uncertainty 

solution that is similar across all co-variate combinations (i.e. most stable), as was the case for Antarctica. For the four-400 

dimensional POCA lookup table, central and narrow residual distributions are generated using both the median 

(median=0.01 m, IQR=1.43 m) and the STD UB (median=-0.11 m, IQR=1.52 m). For the swath data, it is clear that the 

median results in a more desirable set of residuals (median=0.18 m, IQR=2.0) compared to those produced using the STD 

UB (median=-0.71 m, IQR=2.29 m). The choice of metric for the swath dataset is thus more clear in Greenland than it is for 

Antarctica. Such results demonstrate the ability of the uncertainty evaluation framework to resolve subtle differences in 405 

uncertainty robustness according to the region of interest and Level-2 processing applied.  

4.2 Creation of new uncertainty estimates for Sentinel-3 

We apply our uncertainty evaluation framework (Section 2) to uncertainties created for Sentinel-3 ice sheet elevation data to 

demonstrate its ability to inform the construction of new uncertainty parameters for missions that are currently lacking such 

information. More specifically, the uncertainty evaluation framework is used to assess 12 possible methods for generating 410 
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uncertainties for Sentinel-3 data (Table A4). In this case, all available co-variate combinations are tested, negating the 

requirement for statistical analysis to determine the most promising co-variate combinations.  

 

Figure 6 – Comparison of the overall distributions of the absolute elevation differences relative to the reference dataset 415 

(grey) and the distribution of uncertainty values calculated using the median (yellow), STD UB (blue) and RMSE (red), for 

each tested method of uncertainty generation listed in Table A4, for Sentinel-3 thematic data, over the (a) Antarctic Ice Sheet 

(AIS) and (b) Greenland Ice Sheet (GrIS) in 2022. Dashed and dotted horizontal black lines denote the median and 

lower/upper quartiles, respectively, of each distribution. 

 420 

The results of the first component of the uncertainty evaluation framework (Figure 6) show that the distribution of 

uncertainties is sensitive to both the choice of metric and co-variates. Good agreement between the distribution of 

uncertainty and elevation difference is observed in Antarctica when the median is the chosen metric, but agreement is 
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degraded significantly by other solutions. The ability of the uncertainty distribution to represent the elevation difference 

distribution is further degraded when the analysis is performed for data acquired over Greenland. There, in most cases, the 425 

uncertainties do not adequately capture the tails of the elevation difference distribution, which are much larger than for 

CryoSat-2 (Figure 2) whose design is more optimised for the measurement of ice surfaces.  

 

  
Figure 7 – Comparison of residuals (difference between uncertainty and the unseen elevation difference to a reference 430 

dataset), for each method of uncertainty generation listed in Table A4, for Sentinel-3 thematic data over the (a) Antarctic Ice 

Sheet (AIS) and (b) Greenland Ice Sheet (GrIS) in 2022. Residual distributions are displayed as violin plots whereby the 

width represents the proportion of data. Negative (positive) residuals represent cases where the uncertainty is larger (smaller) 

than the absolute elevation difference. Residual distributions calculated from uncertainties using the median, STD UB and 

RMSE are coloured yellow, blue and red, respectively. Black box plots are provided within each residual distribution, with a 435 
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white horizontal line representing the median. The median and inter-quartile range (IQR) are provided for each distribution 

in text boxes. 

 

Figure 8 – Cumulative distributions of residuals (difference between uncertainty and the unseen elevation difference relative 440 

to a reference dataset), for each method of uncertainty generation for Sentinel-3 thematic data, for the Antarctic Ice Sheet 

(left) and the Greenland Ice Sheet (right) in 2022.  

 

The distributions and cumulative distributions of the residuals, displayed in Figures 7 and 8, respectively, and comprising the 

second component of the uncertainty evaluation framework, show that, for the Antarctic Ice Sheet, the choice of metric 445 

significantly influences the robustness of uncertainties generated. Despite the relative consistency between metrics in terms 

of the IQR of the residuals (~8 m), the use of the median metric consistently results in a distribution of residuals centred 

around 1 m, whereas the other two metrics result in a bias exceeding ~10 m in magnitude (Figure 7). As a result, the use of 

the STD UB or RMSE metrics result in 80-90% of uncertainties being over-estimated (Figure 8).  

 450 

The spread of residuals is greater over Greenland than over Antarctica (Figure 7) owing to the narrower distribution of 

uncertainties generated, which fails to capture the true spread in elevation differences (Figure 6). The metric-driven 

differences in uncertainties are similar to those in Antarctica in that the residual bias is generally smallest when the median 
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metric (~2 m) is used, compared to the STD UB (~5 m) or RMSE (~14 m). In terms of the percentage of negative residuals 

(where the uncertainty is greater than the recorded elevation difference), the distinction between the median and the STD UB 455 

is less clear in Greenland than in Antarctica, as seen by the overlapping cumulative distributions (Figure 8). In Greenland, 

when STD UB is used, ~55-65% of residuals are negative compared to ~80% in Antarctica, corresponding to a lesser 

tendency for STD UB to over-estimate uncertainties in Greenland. Importantly, as demonstrated here, our uncertainty 

evaluation framework provides an objective and systematic mechanism to identify and assess these subtle differences in the 

robustness and interpretation of Sentinel-3 uncertainties, which have been generated for the first time across both the 460 

Antarctic and Greenland ice sheets.  

5. Discussion 

We have demonstrated the capability of our new framework to assess the robustness of uncertainties generated for radar 

altimeter-derived ice sheet elevation measurements. The framework has been applied to assess both existing (Section 4.1) 

and new (Section 4.2) uncertainty generation approaches, across both ice sheets, for the CryoSat-2 and Sentinel-3 missions, 465 

respectively. We provide demonstrable evidence in each case for the differences in the uncertainty robustness (i.e. 

performance) that can arise from the choice of metric or co-variates; knowledge that, until now, has been lacking. Overall, 

our results show that the median metric applied to a higher dimensional lookup table typically produces the most robust set 

of uncertainties. The relative merits of alternative solutions, however, are shown to be contingent upon the Level-2 

processing (Section 5.1), satellite source (Section 5.2) and ice sheet (Section 5.3). Potential explanations for these variations 470 

in performance are discussed next.  

5.1 Level-2-processing-driven variability in uncertainty generation 

The inter-comparison of uncertainty generation methods for POCA and swath-processed CryoSat-2 ice elevation data 

provides the basis for improved harmonisation between existing approaches as high-dimensional lookup tables populated 

using the median metric are shown to produce robust uncertainties for both datasets. The optimal choice of metric is less 475 

clear, however, depending on the Level-2 processing applied. Specifically, for swath-processed data in Antarctica, our 

analysis indicates that the benefits of the median over the STD UB are less clear than for the POCA dataset (Figure 3). 

Swath-processed data retrieves ice sheet elevation measurements from multiple locations across the satellite swath 

(Gourmelen et al., 2018), and has, on average, a lower accuracy than the POCA dataset, which retrieves ice sheet elevation 

only at the point of closest approach to the satellite (Wingham et al., 2006b). For this reason, the spread of absolute elevation 480 

differences assigned to each co-variate bin (Step 4, Table 1) is greater for the swath-processed dataset. By definition, these 

outliers are captured more explicitly by the STD UB metric than by the median, thus providing a potential explanation as to 

why the more conservative uncertainties generated using the STD UB may comprise a more representative solution for 

swath-processed data.  
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5.2 Satellite-driven variability in uncertainty generation 485 

Moving beyond the single satellite case, the standardised nature of the framework also enables the systematic inter-

comparison of uncertainties between different satellites; in this case demonstrated by the inter-comparison of uncertainties 

associated with CryoSat-2 and Sentinel-3.  

 

The results derived from the uncertainty evaluation framework clearly illustrate the inferior performance of the uncertainties 490 

generated for Sentinel-3, compared to those derived for CryoSat-2 ice elevation data. Notably, a greater deviance between 

the uncertainty distribution and the distribution of unseen elevation difference data is observed for Sentinel-3 (Figure 6) than 

for CryoSat-2 (Figure 2), and the residual bias (i.e. a measure of the representativeness of a given uncertainty estimate) is on 

the scale of metres (Figure 7) rather than centimetres (Figure 3). The inter-satellite assessment enabled by our framework 

shows that the Sentinel-3 uncertainties do not replicate the accuracy captured by the CryoSat-2 uncertainties, but instead 495 

significantly over-estimate the observed elevation difference to a reference dataset. As such, the framework aids 

understanding of the generated values for Sentinel-3 as maximum possible uncertainties, which is key for the effective 

interpretation and application of these new uncertainties by potential users. 

 

The framework also reveals the greater variability between potential uncertainty solutions for Sentinel-3 compared to 500 

CryoSat-2. Owing to the non-interferometric nature of Sentinel-3 and its smaller range window relative to CryoSat-2 

(McMillan et al., 2019), a broader distribution of elevation differences relative to the reference data, including a greater 

proportion of outliers, is expected compared to CryoSat-2. As such, metrics that are more sensitive to the presence of 

outliers, such as STD UB and RMSE, are likely to produce uncertainty solutions that deviate greatly from those calculated 

using the median; more so than can be expected for datasets with a lower proportion of outliers, such as those associated 505 

with CryoSat-2.  

 

Overall, the application of a standardised framework across different radar altimeters (CryoSat-2 and Sentinel-3) provides a 

systematic process for making quantitative and robust assessments of the relative accuracies of uncertainties between 

different satellite missions. Ultimately, the framework suggests that our first-pass Sentinel-3 uncertainties are less accurate 510 

than those derived for CryoSat-2, and thus motivate and direct future work to further refine the metrics and/or co-variates 

used in Sentinel-3 uncertainty generation.  

5.3 Regional variability in uncertainty generation 

Application of the uncertainty evaluation framework to both CryoSat-2 and Sentinel-3 data demonstrated that the 

performance of uncertainties differs between Antarctica and Greenland. In Antarctica, the use of the median metric produces 515 

a more zero-centred and narrower distribution of residuals (Figures 3 and 7), representing a closer agreement between 
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uncertainty values and the unseen elevation differences relative to the reference dataset. In contrast, the STD UB metric 

results typically in an overly conservative set of uncertainty estimates. For Greenland, however, the advantages of the use of 

the median are less clear in some cases. For CryoSat-2 POCA data, for example, the STD UB can result in a similar set of 

uncertainties (Figure B4) and residuals (Figure B5) to those generated using the median metric.  520 

 

The different levels of confidence in the optimal uncertainty generation approach between Antarctica and Greenland may be 

explained by the differing data volumes and topographical complexity associated with each region. Due to its size and 

latitudinal extent, a smaller number of elevation retrievals are acquired over Greenland, compared to Antarctica, resulting in 

a lower number of elevation difference values being assigned to each bin during the uncertainty lookup table construction 525 

(Step 4, Table 1). Moreover, the median ice sheet surface slope and roughness are approximately 2.5 times greater for 

Greenland than Antarctica (Figure B2; Phillips and McMillan, 2024). The enhanced topographical complexity of Greenland 

likely degrades the quality of altimetry measurements (Bamber et al., 1998; Brenner et al., 2007; McMillan et al., 2019), 

resulting in a broader distribution of elevation difference values within each bin. Owing to both the smaller total number of 

data points and the lower quality of these data, the variability of elevation difference data within each bin is greater in 530 

Greenland, with a greater proportion of outlier values (Figure B7).  The median metric is unlikely to capture such pervasive 

outliers, implying that its performance may not be as robust in regions, such as Greenland, where the distribution of 

elevation differences is less Gaussian in nature. 

 

Ultimately, our uncertainty evaluation framework has demonstrated proficiency in distinguishing subtle differences in 535 

uncertainty robustness between Antarctica and Greenland. For Antarctica, where the data volume is greater and the 

topographical complexity is lower, the median provides a robust solution for uncertainties. The results of the framework 

suggest that the benefits of this approach, however, are less clear for Greenland, where data volume is smaller and 

topographical complexity is greater.  

6. Summary and implications 540 

We have developed a novel framework to systematically assess the performance of existing and evolving uncertainties 

generated for altimetry-based ice sheet elevation measurements. By using this framework to compare a range of uncertainty 

generation approaches for POCA and swath-processed CryoSat-2 ice sheet elevation data, we have demonstrated how 

uncertainty calculation can be assessed and standardised between products. Exploitation of the framework has also enabled 

the development of a set of uncertainties for Sentinel-3 ice sheet elevation data, for the first time, and aided their 545 

interpretation as an initial set of maximum uncertainties. Importantly, our framework has identified that the median metric 

applied to a higher dimensional lookup table often produces the most robust set of uncertainties, but the Level-2 processing, 
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satellite source and ice sheet can each affect the robustness of uncertainties generated. Such findings can help to guide 

principal avenues for future research to improve radar-altimeter-derived ice sheet elevation uncertainties.  

 550 

Overall, our framework represents an important foundation for the systematic production and characterisation of 

uncertainties across all ice sheet altimetry measurements, spanning the full collection of past, current and future altimeter 

missions. Moreover, as the framework is agnostic to the method of uncertainty computation, it can also be used in the future 

to compare the performance of current empirical approaches with newly developed methods, such as those based on the 

formal propagation of errors from Level 0 or 1. The framework could also be applied beyond the life span of ICESat-2 555 

should alternative suitable reference data exist, such as from dedicated airborne campaigns. The evaluation of ice sheet 

altimetry uncertainty estimates in this way is required for a wide range of scientific and operational applications. More 

specifically, this new framework can play a key role in optimising uncertainties associated with upcoming polar radar 

altimetry missions, such as the Copernicus Polar Ice and Snow Topography Altimeter (CRISTAL) and the Sentinel-3 Next 

Generation Topography mission, and in combining these data with observations from other coincident missions, such as the 560 

existing Copernicus Sentinel-3 constellation. Ultimately, a consistent and well-validated approach to uncertainty estimation 

is an essential component of combining measurements from multiple missions, which in turn will enable more refined 

estimations of ice sheet mass loss contributions to global sea-level rise, and help to facilitate the use of satellite altimeter 

observations in the development and validation of numerical ice sheet projections.  

  565 
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Appendices 

Appendix A 

Table A1 – Correlation coefficients of absolute elevation difference with each co-variate 
Co-variate R 

Slope 0.324 

Roughness 0.277 

Power -0.218 

Coherence -0.285 

 

Table A2 – Multi-linear regression between absolute elevation difference and all co-variate combinations, ordered from 570 

higher to lower predictive power (i.e. R2 value) 
Co-variate R2 

Slope Roughness Power Coherence 0.196 

Slope Roughness - Coherence 0.196 

Slope - Power Coherence 0.194 

Slope - - Coherence 0.194 

Slope Roughness Power - 0.193 

Slope - Power - 0.189 

Slope  Roughness - - 0.168 

Slope - - - 0.167 

- Roughness Power Coherence 0.162 

- Roughness  Coherence 0.162 

- Roughness Power - 0.152 

- Roughness - - 0.110 

- - Power  Coherence 0.099 

- - - Coherence 0.087 

- - Power - 0.039 
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Table A3 – List of parameters included for each CryoSat-2 uncertainty estimation scenario 
Metric Number of co-variates Co-variate combination 

Median 4 co-variates Slope Roughness Power Coherence 

 3 co-variates Slope - Power  Coherence 

  Slope Roughness - Coherence 

  Slope Roughness Power - 

 2 co-variates Slope - - Coherence  

STD UB 4 co-variates Slope Roughness Power Coherence 

 3 co-variates Slope - Power  Coherence 

  Slope Roughness - Coherence 

  Slope Roughness Power - 

 2 co-variates Slope - - Coherence  

RMSE 4 co-variates Slope Roughness Power Coherence 

 3 co-variates Slope - Power  Coherence 

  Slope Roughness - Coherence 

  Slope Roughness Power - 

 2 co-variates Slope - - Coherence  

 575 

Table A4 – List of parameters included for each Sentinel-3 uncertainty estimation scenario  
Metric Number of co-variates Co-variate combination 

Median 3 co-variates Slope Roughness Power 

2 co-variates - Roughness Power 

 Slope - Power 

 Slope Roughness - 

STD UB 3 co-variates Slope Roughness Power 

2 co-variates - Roughness Power 

 Slope - Power 

 Slope Roughness - 

RMSE 3 co-variates Slope Roughness Power 

2 co-variates - Roughness Power 

 Slope - Power 

 Slope Roughness - 
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Appendix B 

 580 
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Figure B1 – Data used in uncertainty calculations over the Antarctic Ice Sheet. (a) CryoSat-2 L2I POCA elevation; (b) 

Cryo-TEMPO EOLIS elevation; (c) Sentinel-3 Hydro-Cryo Thematic Product elevation; (d) CryoSat-2 L2I POCA 

coherence; (e) CryoSat-2 L2I POCA power; (f) Sentinel-3 Hydro-Cryo Thematic Product power.  

 585 
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Figure B2 – Surface slope (a, c) and surface roughness (b, d) data used in uncertainty calculations over the Antarctic Ice 

Sheet (a-b) and the Greenland Ice Sheet (c-d).  
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590 
Figure B3 – Map of negative (blue) and positive (red) residuals (the absolute difference relative to reference elevation minus 

the parameterised uncertainty) for a four-dimensional lookup table, populated using (a) median and (b) STD UB, for 

CryoSat-2 POCA data for the Antarctic Ice Sheet SARIn region in 2022. Negative residuals (blue) represent over-estimated 

uncertainties, and positive residuals (red) represent under-estimated uncertainties. 

 595 
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Figure B4 – Comparison of the overall distributions of the absolute elevation differences relative to the reference dataset 600 

(grey) and the distribution of uncertainty values calculated using the median (yellow), STD UB (blue) and RMSE (red), for 

each tested method of uncertainty generation listed in Table A3, for CryoSat-2 (a) POCA and (b) swath-processed data, over 

the Greenland Ice Sheet SARIn region in 2022. Dashed and dotted horizontal black lines denote the median and lower/upper 

quartiles, respectively, of each distribution. 

 605 
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Figure B5 – Comparison of residuals (difference between uncertainty and the unseen elevation difference to a reference 

dataset), for each method of uncertainty generation listed in Table A3, for CryoSat-2 (a) POCA and (b) swath-processed 610 

data, over the Greenland Ice Sheet SARIn region in 2022. Residual distributions are displayed as violin plots whereby the 

width represents the proportion of data. Negative (positive) residuals represent cases where the uncertainty is larger (smaller) 

than the absolute elevation difference. Residual distributions calculated from uncertainties using the median, STD UB and 

RMSE are coloured yellow, blue and red, respectively. Black box plots are provided within each residual distribution, with a 

white horizontal line representing the median. The median and inter-quartile range (IQR) are provided for each distribution 615 

in text boxes. 
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620 
Figure B6 – Cumulative distributions of residuals (difference between uncertainty and the unseen elevation differences 

relative to a reference dataset), for each method of uncertainty generation for CryoSat-2-derived POCA (top) and swath-

processed (bottom) data, for the Greenland Ice Sheet SARIn region in 2022.  
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Figure B7 – Distribution of absolute elevation difference values assigned to the most populated CryoSat-2 uncertainty 625 

lookup table bins for Antarctica (left) and Greenland (right). Examples are shown for the most populated bins in four- (top 

row), three- (middle row) and two- (bottom row) dimensional lookup tables. The lower bound of the bin boundary for each 

co-variate in the lookup table is provided in the title above each panel. Solid, dashed and dotted red vertical lines represent 

the median, upper bound of the standard deviation (STD UB) and the root mean square error (RMSE) calculated for each 

distribution. The total number of absolute elevation difference values assigned to a given uncertainty lookup table bin (n) is 630 

given in the top right of each distribution. 
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Data availability 

Cryo-TEMPO POCA Land Ice Baseline D data are available from https://doi.org/10.5270/CR2-3205d1e; Cryo-TEMPO 

EOLIS data are available from https://doi.org/10.5270/CR2-2xs4q4l and both datasets can also be accessed via the cs2eo 

data platform at https://cs2eo.org/; ESA L2I Baseline E SARIn POCA data are available from https://doi.org/10.5270/CR2-635 

65cff05; Sentinel-3 Level-2 Hydro-Cryo Thematic Product Baseline Collection No. 005 are available from 

https://doi.org/10.57780/s3d-6c5ea43; ICESat-2 ATL06 Land Ice Height v6 data are available from: 

https://doi.org/10.5067/ATLAS/ATL06.006.  
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