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Highlights

What are the main findings?

e A new method refines error prediction, reducing the uncertainty in a subglacial topog-
raphy for 56% of a widely used Greenland Ice Sheet (GrIS) bed topography dataset.

e  The adjusted Greenland bed dataset suggested a 7 mm higher sea-level equivalent ice
volume and a 29% increase in area grounded > 200 m below sea level.

What are the implications of the main findings?

e  Refined error estimation for ice sheet bed topography datasets derived by kriging.

e A 29% increase in the area of the interior GrIS bed was estimated to be >200 m below
sea level, indicating that a larger area of the ice sheet is potentially more susceptible
than previously estimated to submarine melting in the long term.

Abstract

Subglacial topography is a critical boundary condition for ice sheet models projecting past
and future ice sheet—climate interactions. Contemporary ice-sheet-wide bed topography
datasets are partially derived using mass conservation, but approximately 75% of the
most widely used Greenland Ice Sheet (GrIS) dataset is based on simple interpolation of
airborne radio-echo sounding (RES) measurements, such as kriging or streamline diffusion.
Due to limited independent validation data, the errors and biases in this approach are
poorly understood, creating largely unknown uncertainties in subglacial topography. Here,
we interpolated synthetic RES observations of bed topography over ice-free areas with a
known topography at a 5 m spatial resolution and quantify discrepancies. We found that
the absolute error in kriged bed topography increases with distance from the input data,
though at a reduced rate than previously estimated. The difference between an interpolated
elevation estimate and the local mean elevation is a strong predictor of real bed errors
(R? = 0.72), with further improvement as input observation sparsity increases (R? > 0.82).
We propose a method to quantify and reduce uncertainty in kriged bed topography in
sparsely surveyed regions, reducing uncertainty for at least 56% of the kriged interior at a
99% confidence interval. Our results suggest that subglacial depth is on average 5 m deeper
than previous estimates, though individual areas may be shallower or deeper (¢ = 41 m).
Consequently, the area grounded below sea level is likely underestimated by 2%, increasing
to 29% for regions deeper than 200 m. These findings have potential implications for the
future stability of the GrIS under climate change.
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1. Introduction

Quantification of ice thickness and subglacial topography over an entire ice sheet
is essential for understanding how it is likely to change with the climate [1]. Ice-sheet-
wide ice thickness estimates are used to determine the volume and, subsequently, mass
of an ice sheet. From this, a measure of the total potential contribution to sea-level rise
contained by the ice sheet can be derived [2]. Moreover, quantification of subglacial
topography is essential as it is a first-order control on the rate at which the ice sheet
responds to perturbations such as climate change [3]. Hence, an accurate description of the
bed topography and ice thickness is of paramount importance for numerical modelling
efforts to estimate contributions from the ice sheets to global sea-level rise. Ice thickness is
typically measured using airborne radio-echo sounding (RES) techniques. Subsequently,
subglacial topography is derived by subtracting the thickness measurement from the
surface elevation [4], which is typically measured simultaneously using an airborne laser
altimeter. While RES surveys have been conducted for decades and cover hundreds of
thousands of kilometres of ice [5], due to the scale of ice sheets, ice caps, and glaciers, the
overall measurement coverage is sparse [6]. For example, the mean flight-line spacing across
the Greenland Ice Sheet (GrlS) interior is ~18 & 24 km. In order to quantify ice thickness and
bed elevation in areas between measurements, spatial interpolation is required (e.g., [7]).
Various methods have been implemented to achieve this, all of which have associated
uncertainties (e.g., [7-11]). As current projections of sea-level change are increasingly using
ice dynamical models, robust quantification of and reduction in these uncertainties is
essential for producing reliable projections [12].

Ice thickness has been surveyed for over 5 decades across the continental ice sheets
(Greenland: [6]; Antarctica: [13]). From these surveys, it has been possible to map ice
thickness and, subsequently, bed topography across the GrIS [1,7,9] and Antarctic Ice
Sheets [14-17] through interpolation and modelling. The most recent efforts have achieved
this using mass conservation techniques close to the ice margins, where RES instru-
ments typically perform less well due to extensive crevassing, which scatters the radar
signal [9,17,18]. These datasets are becoming widely used for studies on ice sheet bed
topography. Mass conservation combines observations of surface velocity with mea-
surements of ice thickness to infer ice sheet bed topography in regions of fast flow
(typically > 50 ma~!) [19]. However, ice flow in many marginal areas of the GrIS has
been observed to be highly variable over seasonal and interannual timescales [20,21]; as
such, velocity values selected to generate the bed may not be entirely representative of the
longer-term ice flow, which may lead to the introduction of errors. Furthermore, in areas
of slower ice flow (<50 ma~1), other interpolation approaches are required, as the mass
conservation approach requires a minimum observed ice flow [17]. For instance, in Bedma-
chine Antarctica, streamline diffusion is used as an alternative, which utilises the direction
of ice flow to interpolate ice thickness between flight-lines anisotropically, resulting in a
“realistic” bed profile consistent with the mass conservation-derived regions [17].

Kriging is a geostatistical interpolator that has traditionally been the chosen method for
deriving the wide-scale bed topography of ice masses [1,7,16,22], because it is optimal for
irregularly sampled input measurements and provides a best estimate for values in under-
sampled regions [23]. However, known limitations of the method are that it tends to smooth
a landscape toward a mean value and that it cannot accurately reproduce channel-like
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subglacial landforms [8,24]. This leads to the introduction of artefacts in derived subglacial
topography datasets, which occur at scales that ice dynamics are sensitive to (~1 km) [17,25].
It also leads to the underestimation of bed elevation in upland areas and the overestimation
of elevations in lowlands, thereby consistently underestimating subglacial relief [24,25].
Smoothing topography in such a way has implications for the overall roughness of the bed
in the output data. Furthermore, this obfuscates potentially important bedforms or areas of
local roughness, which potentially exert a strong influence on ice dynamics [25], resulting in
erroneous bed inputs to ice sheet models, which subsequently may not be able to accurately
replicate observed flow dynamics. This is particularly important for modelling grounding
line retreat, where the presence of high-relief basal topographic features can limit retreat.
Where these features are smoothed out in bed interpolations, predicted retreat will tend to
be faster.

However, ordinary kriging remains a widely used and expedient method of interpo-
lating subglacial topography. Despite these well-known limitations, the quantification of
uncertainties in the method is rarely constrained other than “built-in” simple inverse dis-
tance relationships with respect to the location of the input data [1]. Furthermore, various
analytical outputs derived from bed topography often implement broad uncertainties in
ice thickness (e.g., [26]), which carry through into important assessments of ice sheet mass
balance and stability (e.g., [27]). Hence, a more reliable prediction of these errors could
improve quantification of uncertainty in ice sheet model projections.

Ice sheet models used in ISMIP6, which contributes to CMIP6 projections of sea-
level change, use a variety of bed topography datasets as inputs [12,17]. As ordinary
kriging is employed for much of the preceding subglacial topography data [1,16], and
for significant portions of newer data [9], it is important that uncertainties associated
with these datasets are well constrained in order to provide reliable uncertainties in the
contribution of the ice sheets to sea-level rise. This becomes especially critical where
uncertainty quantification for projections of future sea-level rise is directly based on error
estimates of the input data. Therefore, assessing the uncertainty in kriged bed topography
more precisely and developing more reliable estimates of ice thickness and bed elevation
errors would be beneficial to our comprehension of ice sheets and future projections of
sea-level change [12,28].

Validation of RES-derived ice thickness datasets is challenging as it either requires
physically accessing the ice sheet bed through 1000s of metres of ice, or an in situ geophysi-
cal survey using radar and seismic approaches. Either way, it is logistically challenging
and costly, so development of reliable estimates of uncertainty is critical in the absence of
ground-truthing. Using high-resolution (two metres) Arctic DEM digital elevation data
for ice-free proglacial areas of Greenland [29], recent work [30] has shown it is possible to
investigate the uncertainties and biases of interpolation techniques by simulating RES sur-
veys over DEMs of known topography, interpolating the resultant synthetic measurements,
and comparing the output interpolation with the input DEM. This study aims to better un-
derstand the uncertainties arising when interpolating RES data by developing a method for
estimating errors in subglacial topography using proximal and geomorphologically similar
ice-free topography. From this, previous datasets of kriged bed topography may be used
with higher confidence, and new bed topography may be generated with accompanying
maps of uncertainty. Hence, this reduces the uncertainty in 3D bed topography datasets
generated by kriging, beyond methods for 2D and RES input measurements only [30].
Here, we focus on the GrIS as a case study, note the implications of our results for GrlS,
and discuss the implications for other ice masses and bed topography datasets derived
by kriging.
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2. Materials and Methods
2.1. Study Locations and Datasets

Digital elevation model (DEM) tiles of four regions of glaciated terrain were acquired
from the ArcticDEM and aggregated to five-metre cell sizes for computational efficiency [29].
Three regions, Inglefield Land, Kangerlussuaq, and Peary Land, were selected from the
margin proximal proglacial areas around the GrIS (Figure 1). These regions were selected
as landscape ‘archetypes’; they comprise different scales of relief and are likely similar in
geometry to their respective adjoining regions of subglacial topography [31]. Inglefield
Land is characterised by low-relief, minimally eroded terrain, likely preserved beneath cold-
based ice, representative of smooth beds in the GrIS interior [9]. Kangerlussuaq exhibits
subdued relief and a really scoured topography, which is common beneath continental ice
sheets [9,32]. Peary Land is dominated by fjords, troughs, and plateaus, representative of
large portions of the northern and eastern GrIS bed [10]. While these regions capture a
broad range of subglacial topographic conditions, they do not encompass all possible bed
topography configurations or regions of pervasive marine influence. The availability of
proglacial topography data is limited in Eastern and South-Eastern Greenland, as the region
consists largely of marine-terminating outlet glaciers and submerged fjords. Correspond-
ingly, limited elevation data are available, and bathymetric data in such areas are either
unavailable or not of comparable resolution to the ArcticDEM and, therefore, insufficient for
our analysis. Hence, landscape-type four was selected from a topographically similar area
of the McKenzie Mountains in Canada, which was previously glaciated by the Cordilleran
ice sheet ([33] and references within), and used as an East Greenland Analogue (EGA).
Each study site covers an area of approximately 50 km by 50 km. Although the selected
landscapes are presently ice-free and will have experienced some post-glacial modification,
at the spatial scales relevant to this study, they are considered broadly representative of the
underlying subglacial topography.

TB0°N

L2

Source: PGC, UMN, Esri
Elevation

1000 m Om a,b,c 25 km
2000 m 1000 m d /]

Figure 1. Study sites: (a) Inglefield Land; (b) Kangerlussuaq; (c) Peary Land; and (d) EGA.
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2.2. Synthetic RES Survey Data

To fully simulate the generation of subglacial topography from acquisition to interpo-
lation, we generated synthetic RES surveys over the input DEMs. Synthetic RES surveys
were simulated by implementing the geospatial RES simulation method outlined by [30].
We mimicked the various geometries of RES surveys conducted by Operation IceBridge
over Greenland [34]. Accordingly, flight-lines were simulated for margin parallel (MP) and
margin orthogonal (MO) orientations, as well as for gridded surveys. The flight-line density
was variable across surveys (e.g., references within the “Data” section of [5]); therefore, we
conducted synthetic surveys at 1, 5, 10, and 15 km spacings to represent the broad range of
RES survey densities across the Greenland Ice Sheet [34]. Simulated picked elevations were
sampled at a ~15 m spacing along-track. Negative bias resulting from off-nadir elevation
differences was alleviated by applying a mean shift to the input data points [30]. As ice
bottom errors resulting from the attenuation and scattering of the radar signal by various
facets of the ice sheet environment were not parameterised, the uncertainty in the simulated
measurements was equivalent to the uncertainty of the ArcticDEM (~1 m vertically and
~0.1 m horizontally; [29]).

2.3. Kriging

Due to its widespread use in geosciences and our overarching aim to simulate and
quantify uncertainty in bed topography akin to previous and ongoing studies, we inter-
polated surfaces from our synthetic RES survey data using kriging [19]. Surfaces were
interpolated for each study site for the three survey geometries (MP, MO, and grids) and
the four line spacings (1, 5, 10, and 15 km). Ordinary kriging was conducted in ArcGIS
10.5.1 using the inbuilt geostatistical tools, following the method of [35]. A spherical model
was used, and algorithm parameters were optimised using ArcMap’s inbuilt iterative
cross-validation technique (Table S1).

2.4. Quality Assessment of Bed Topography Interpolations

Each realisation of interpolated bed topography was differenced from the source
DEM for each study site. Spatially random sample points were generated across each
study site, with a minimum spacing of 150 m, aligned with the gridded resolution of
Bedmachine Greenland v3. For each 50 x 50 km spacing, approximately 20,000 points
could be generated. Across all output surfaces, this totalled 1.5 million observations. At
each point, the differences in elevation between the interpolations and the DEM were
sampled. Differences in elevation of an interpolated point from the same location on the
DEM are herein referred to as interpolation errors. The overall interpolation error was
defined as the standard deviation of all the interpolation errors. The root mean square
deviation along each input flight-line was calculated as a measure of bed roughness. This
measure was also compared with the overall elevation error for the interpolated bed.
Additionally, the Euclidean distance of each point from an input location was calculated
for all survey geometries.

2.5. Uncertainty Reduction

To improve the estimates of the uncertainty in bed topography and, consequently,
ice thickness, firstly, the interpolation error magnitude was compared with the distance
from the input. This assessed the interpolation error as a function of distance from a direct
measurement, as opposed to the widely used method of posing a prescribed exponential
increase in interpolation uncertainty with distance, which is a by-product of kriging.
Secondly, the difference in an interpolated elevation from the regional (50 km x 50 km
neighbourhood) mean elevation of the interpolation, termed the difference from the mean
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elevation (DME), was compared with the interpolation error. This aimed to exploit the
known limitation of kriging, where the output surface is smoothed towards the mean
elevation of the inputs. Ordinary least squares regression was calculated for these variables
to develop a function to be applied to the kriged bed topography. Where suitable, this
function was applied to kriged regions of BedMachine Greenland v3 (referred to herein as
BedMachine) to calculate a new uncertainty estimate.

3. Results
3.1. Summary of Results

Altogether, 48 synthetic bed topography datasets were interpolated by kriging across
the study sites, survey geometries, and ice thicknesses. Overall, the correlation between
the flight-line density and output interpolation error was moderately negative (R? = 0.6;
p =1.93 x 1071°). The input flight-line roughness and interpolation error were weakly
and positively correlated (R? = 0.3; p = 9.25 x 10~®). For a given point, the larger the
interpolation error magnitude, the greater the interpolated elevation at that point differed
from the local mean elevation of the interpolation. Similarly, the further an interpolated
cell was from an input location, the larger the error, as expected.

3.2. Overall Error in Kriged Subglacial Bed Topography

Flight-line density was found to be the strongest predictor of overall error in the inter-
polated outputs, where the error decreased exponentially with increased flight-line density
(Figure 2). While flight-line density was a strong predictor (Figure 2; R? values > 0.9) of
overall error within an individual study area, when all interpolated surfaces were con-
sidered, the correlation was found to be moderate (R? = 0.6). This highlighted additional
factors that likely contributed to the overall error. The mean flight-line roughness, quan-
tified as the root-mean-square deviation (RMSD) of input measurements, was found to
be a weak predictor of overall error (Figure 2). Although no statistically significant dif-
ference was found in errors due to the flight-line orientation and mean proximity to the
bed, a subtle improvement was found for margin parallel inputs compared with margin
orthogonal inputs (Figure S1; Table S1). Finally, only 4% of errors exceeded the maximum
expected error, using the distance-error function estimated for BedMachine, of 395 m for
a distance from an input of 8360 m. The interpolation error magnitude varied across the
study sites (Table S1). The overall interpolation error was greatest for the EGA across all
survey setups (Figure 2).

The increased prevalence of elevations with absolute DME values exceeding 500 m
across the EGA led to a corresponding increase in interpolation errors (Figure 3). Com-
pared with Kangerlussuaq, EGA interpolation errors from a 15 km spaced grid survey
were typically one and a half times greater for the same Euclidean distance from inputs.
Kangerlussuaq (Figure 3a,c) and the East Greenland Analogue (Figure 3b,d) are shown
as end-member examples representing subdued and high-relief bed topographies, respec-
tively. Furthermore, the estimated error from BedMachine was reduced in comparison
with interpolation errors across the EGA for the first 2500 m from an input point; however,
for Kangerlussuaq, BedMachine only provided reduced uncertainty estimates for the first
1300 m (Figure 3).
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(b) RMSD versus overall interpolation error for the various survey geometries; ordinary least squares
linear regression plotted in red.
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over the Kangerlussuaq and EGA study sites. Moving means are every 150 m for distance and 10 m
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Ahsolute interpolation error {m)

Interpolation error (m}

for DME (filled circles); error bars represent standard deviation in y and the moving mean window
in x. Ordinary least squares regressions for the moving mean and error (solid lines) are described
above the plot. (a) Kangerlussuaq: Euclidean distance versus interpolation error. (b) EGA: Euclidean
distance versus interpolation error. (c) Kangerlussuaq: DME versus interpolation error. (d) EGA:
DME versus interpolation error.

3.3. Individual Interpolation Errors for Kriged Subglacial Bed Topography

For individual interpolation errors, the Euclidean distance of an interpolated cell from
an input did not correlate with the absolute error (R? = 0.197). Furthermore, the Euclidean
distance showed no correlation with the real value for the error. We found the correlation
to strengthen when the mean interpolation error was computed for every 150 m of distance
(Figure 3a: R? = 0.884 and p = 4.27 x 10~33; Figure 3b: R? = 0.905 and p = 6.08 x 103¢;
and Figure 4a: R? = 0.952 and p = 6.60 x 1073%). As the gridded output for our sites and
BedMachine was posted at 150 m, no accuracy was lost by grouping distances into 150 m
intervals. Notably, the mean interpolation errors were consistently below the function
applied to the distance from an input for Bedmachine (Figure 4a, purple line). While some
errors exceeded this, 91% fell below the function line. Accordingly, the function established
from these results predicted reduced uncertainty for all interpolation locations further than
1600 m from an input location compared with BedMachine.

This study: y = 58 In(x) - 310, R?=0.952, RMSE = 38.6  Bedmachine {estimated function): y = 162 In{x} - 1070
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Figure 4. All observations (shaded dots) of interpolation error versus Euclidean distance (a) and DME
(b). Filled circles represent moving means, 150 m for distance and 10 m for DME; error bars represent
standard deviation in y and the moving mean window in x. Ordinary least squares regressions
calculated for the moving mean and error are described above the plots (solid lines and dashed light
blue line in (b)).

Individually, the DME of an interpolation point did not correlate with the interpolation
error at that point (Figure 4b). However, when grouped into 10 m intervals, the DME was
a strong predictor of the interpolation error (R? = 0.732; p = 4.27 x 10~4), albeit this sacri-
ficed precision in the interpolated bed elevation (Figures 3c,d and 4b). The DME performed
more strongly in regions of subdued relief (e.g., Kangerlussuag; Figure 3c: R? = 0.834 and
p =227 x 1073%), while in regions of heightened relief, its predictive strength was compara-
ble to the overall model performance (e.g., EGA; Figure 3d: R? = 0.728 and p = 2.31 x 10~%).
Moreover, when locations with an absolute DME exceeding 500 m were removed due to
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their limited abundance in comparison with the rest of the data, the correlation strengthened,
and the RMSE was reduced (R2 =0.951; p =229 x 10*68). For consistency, the function
incorporating all the observations was used throughout. The DME provides a robust al-
ternative estimate of error, as it is based on the topography of the interpolated dataset, as
opposed to the distance from an input. As such, it can still be applied in sparsely surveyed
areas. Additionally, the sign of the interpolation error can be determined, as opposed to just
the absolute value. At a reduced flight-line density, the correlation between the DME and
interpolation error strengthened (Table 1). For high-density surveys, no correlation existed,
as the errors became more random, albeit significantly reduced (lower RMSE in Table 1).

Table 1. Coefficients for DME—-error functions for various flight survey geometries. Line survey
coefficients are means with standard deviations for MP and MO, marginal and interior simulated
surveys. M and C are the respective gradient and intercept constants of the best-fitting linear error
function. The full results are presented in Table S2.

Survey Flight-Line Density

2
Geometry (Lines km~2) R RMSE (m) m ¢
1 km grid 0.5 0.075 154 0.011 —0.598
5 km grid 0.1 0.33 62.9 0.112 11.1
10 km grid 0.05 0.79 43 0.223 14.7
15 km grid 0.03 0.71 90.1 0.360 48.2
1 km lines 0.25 0.13 £ 0.20 18.7 £9.2 —0.004 £ 0.061 —-133 £ 1.16
5 km lines 0.05 0.58 + 0.084 60.0 + 8.5 0.183 £ 0.009 127 £1.5
10 km lines 0.025 0.85 £ 0.008 78.6 £29.6 0.412 4+ 0.073 149 + 3.2
15 km lines 0.017 0.87 £ 0.042 86.0 £29 0.630 £ 0.193 274 +28

3.4. Application to BedMachine

When applied to the input flight-line coverage for BedMachine, our observation-based
Euclidean distance versus interpolation error function provided a first-order error estimate
for bed topography in the ice sheet interior (Figure 5). We found that the uncertainty in
ice thickness and bed elevation measurements was reduced, on average, by 104 + 174 m
(~3% of the max. ice thickness). Uncertainties within one standard deviation of the
predicted error were reduced for 67% of the kriged area of BedMachine (Figure 5b). For
the 99% confidence interval (30), 37% of the area had lower estimates of error where our
observation-based distance function was applied (Figure 5c). Importantly, substantial
improvement, i.e., over 200 m of uncertainty reduction, occurred in areas where the flight-
line density was exceedingly sparse (green regions in Figure 5).

In regions with the lowest flight-line density (<0.1 lines km~?2), we found the mean
reduction in uncertainty was approximately 89 £ 235 m within one standard deviation and
12 £ 236 m for a 99% confidence interval (CI). However, as the sign of the interpolation
error shows no relationship with distance, distance alone cannot predict whether the error
is likely positive or negative. Additional information is required to predict whether the bed
topography is expected to be lower or higher at a location.

As the 10 m moving mean DME correlated strongly with real values for the inter-
polation error, it could be used to apply a mean probable difference adaptation to the
kriged areas of BedMachine, with associated confidence estimates (Figure 6). The mean
for this difference was —5 & 41 m, resulting in a deepening of the bed topography across
the interior. Figure 5b shows the 99% CI for the absolute mean probable difference from
the DME method. In locations with a survey density greater than 0.1 lines km~2, the
BedMachine uncertainty was lower by 90 + 114 m, whereas in areas with sparse flight-line
coverage, the DME-based uncertainty was reduced (—29 + 252 m).
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Figure 5. Distance—error function from Figure 4. applied to the kriged areas of BedMachine [9].
(a) Derived uncertainty estimate. (b) Derived uncertainty plus one standard deviation differenced
from Bedmachine uncertainty. (c) Derived uncertainty plus three standard deviations differenced
from BedMachine uncertainty. Background colours depict topography: sea floor is shown in shades
of blue (dark = low; light = high) and land surface in shades of brown (light = high; dark = low).
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Figure 6. The DME-error function applied to the kriged area of BedMachine. (a) The predicted
mean difference in the bed elevation from the actual bed elevation. Outlet glaciers with extensive
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deepening in their interior portions are labelled (HG: Heimdal Glacier; JI: Jakobshavn Isbree; KG:
Kangerlussuag; S: Skinfaxe; and ZI: Zachariae Isstrom). (b) The predicted mean difference plus three
standard deviations difference from Bedmachine uncertainty. Background colours depict topography:
sea floor is shown in shades of blue (dark = low; light = high) and land surface in shades of brown
(light = high; dark = low).

For areas of kriged bed topography where the flight-line density is less than
0.14 lines per km?, the DME method will provide lower estimates of uncertainty in
subglacial topography than currently estimated (99% confidence interval; Figure 7).
Such a flight-line density is equivalent to conducting a 3.5 km spaced grid or a 1.8 km
spaced line survey. Approximately 56% of the interior of the GrIS is surveyed to this
level. Furthermore, our method increasingly improves uncertainty estimates, relative
to other datasets, with decreasing flight-line density. Conversely, for denser surveys,
the method is less precise than the current estimates of uncertainty (Figures 5-7). From
this, the mean likely difference may be applied to kriged bed topography to deepen
lowlands and raise highlands, addressing one of the main drawbacks of kriging [24],
with an accompanying 99% confidence interval (Figure 6).

b) SLR Equivalent (mm)
500 1000 1500 2000
0-0.1
0.11
0.12 DME
> 0.13 | —_
2 0.14
@ 045 \ Bmv3
@ 0.16 —
o017
£ € 0.8
-
<, 0.19
£
=) GCJ 0.2
L =0.21 S T
0 30 60 90 120
Uncertainty volume cumulative %
(relative to Bmv3)
DME lower DME higher
56 % 44%
c)

Figure 7. Flight-line density within a 50 km search window (lines km~2) across the kriged area of
BedMachine. (a) Mapped flight-line density, green shows where DME-error function is predicted to
reduce uncertainty with respect to Bedmachine, and red is vice versa. (b) Bar chart shows the amount
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of sea-level rise (SLR) equivalent estimated in each region using BedMachine; lines show the cumu-
lative percentage of the uncertainty volume (uncertainty in elevation multiplied by area) at each
flight-line density for DME (blue) and BedMachine (purple). (c) Pie chart shows representative areas
of each flight-line density class; the sum of green segments is the area where the DME uncertainty
is likely to be lower than that for BedMachine. Background colours depict topography: sea floor is
shown in shades of blue (dark = low; light = high) and land surface in shades of brown (light = high;
dark = low).

4. Discussion
4.1. Recommendations for Future Survey Planning

The above results provide useful information for planning future RES surveys over ice
masses in order to optimise the placement of survey lines to make the largest improvement
to our knowledge of subglacial topography. For an assumed topographic setting akin
to the ones investigated here, Figure 2 may be used to approximate the accuracy of an
interpolated bed dataset from a given flight-line density. Our results also provide solutions
for minimising uncertainty in outputs where sparse surveys are flown. Figure 7 highlights
that this can be beneficial for large swathes of subglacial topography.

4.2. Uncertainty Improvement in Sparsely Surveyed Regions

In regions of low survey density, uncertainties in any bed topography dataset are
greatest [7]. Firstly, our results show currently implemented distance—error functions
overestimate the likely interpolation error at a given location; hence, we implemented a
refined error estimate based on the results of the 1.5 million sample points taken in this
study. Secondly, we proposed a method for obtaining significantly reduced uncertainty
based on the bed topography estimate itself, constrained by knowledge of the elevation.
This second uncertainty estimate sacrifices 10 m of accuracy in bed topography estimates to
provide a probable difference at a location, which may be used to adapt the bed topography.
Previous studies have reported bed elevation uncertainties of 20-70 m [36,37]; hence, a
10 m reduction in accuracy is well within the largely reported uncertainties in analysis
derived from bed topography. As this method is expedient, it may be applied to kriged
bed topography datasets as a quick and low-cost alternative to other methods.

Sparsely surveyed regions of the GrIS constitute large volumes of ice [1,9]. High
uncertainties in these regions, therefore, have a greater effect on the overall estimate of
volume for the ice sheet. Subsequently, this results in higher uncertainties in the potential
future sea-level contribution from Greenland, and our method poses a means of reducing
this. Furthermore, this approach may increase model performance over large areas of the ice
sheet where bed topography uncertainty is significantly reduced [38]. Where our method
deepens or raises the bed to its probable elevation consistently over long-wavelength
features (continuous areas of deep purple and green in Figure 6), a significant improvement
in model performance may be gained [38].

Our DME method can be efficaciously applied to approximately 56% of the kriged area
of BedMachine, which equates to an area of 48% of the entire ice sheet. This area contains a
potential global mean sea-level rise (SLR) contribution of 3.5 m, which equates to roughly
47% of the ice sheet total (7.4 m [9]). We estimate that the reduction in the uncertainty
volume across this region, the area of the uncertainty in ice thickness multiplied by its scale, is
equivalent to 8.5 centimetres of sea-level contribution (Figure 7). This estimate is conservative,
as the above analysis is based on regions where the 99% confidence interval of our uncertainty
can be expected to be lower than for Bedmachine. While this is a marked reduction in
uncertainty, the regions in which our method is most effective are interior portions of the ice
sheet that are unlikely to contribute to sea-level rise over the next centuries [39].
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Uncertainty estimation for RES-derived bed elevation has evolved alongside inter-
polation methodologies. Deterministic approaches, such as inverse distance weighting or
splines, are computationally efficient but perform poorly under the strongly anisotropic
sampling geometry of RES data and provide limited uncertainty information [10,40]. Physi-
cally based mass conservation (MC) methods enforce flux balance to infer bed elevation [9],
but their reliance on assumptions such as steady-state flow and fixed depth-averaged
velocity relationships can lead to systematic biases, particularly in dynamically evolving
regions [25]. Geostatistical approaches, notably kriging, explicitly model spatial covari-
ance, accommodate directional sampling aligned with ice flow, and provide statistically
rigorous uncertainty estimates [7]. However, kriging-derived uncertainties remain sen-
sitive to variogram choice and sparse across-track sampling [7]. More recently, machine
learning approaches, such as quantile regression forests (QRFs), have been proposed to
generate data-driven predictive uncertainty by modelling full conditional distributions
using auxiliary covariates [11], though their lack of explicit physical constraints can degrade
performance in regions where strong prior information is not encoded in the model, such
as hydrostatic equilibrium for regions of floating ice [11]. In contrast, the DME method
presented here does not seek to produce an alternative bed elevation product but instead
operates on existing kriging-derived bed topography datasets to diagnose and reduce
conservative uncertainty where geometric and sampling constraints are well understood,
making it particularly applicable to interior ice sheet regions and directly compatible with
current ice sheet model initialisation practices.

4.3. Implications for the Stability of the GrlS Interior

Our approach generates a deeper and steeper bed topography across the GrlS interior,
suggesting an inherently more dynamic system with a greater overall contribution to
sea-level rise [28,41]. Moreover, we predict the current inland expanse of the GrIS below
mean sea level may be 2% greater than previously reported [9]. Notably, areas of the
ice sheet bed over 200 m below sea level were found to be nearly 30% more expansive
(Figures 8 and 9). An increase in the area below 200 m is important, as Atlantic water
occurs at depths between 200 and 300 m [9,42,43]. Where this relatively warm water is able
to reach Greenland outlet glacier margins, enhanced oceanic melting is expected [9,44], and
areas of the ice sheet grounded below this depth and connected to the ocean are susceptible
to its influence. Hence, if areas beneath 200 m below sea level are more expansive, as we
predict, 30% more of the ice sheet interior becomes susceptible to the incursion of Atlantic
water when the ice retreats into these locations. Additionally, increased depth below sea
level combined with greater ice thickness brings the ice sheet closer to flotation, potentially
enhancing future retreat due to reduced effective pressure at the grounding line [45,46]. As
the interior of the ice sheet is strongly grounded, it is more sensitive to this effect [47].

Although it can be reasonably assumed that neighbouring expanded deeper areas are
connected, our results do not show this (Figure 8). As our results predominantly modified
kriged bed topography in the vertical domain, they did not improve the horizontal connec-
tivity of deep basins; hence, “bullseye”-like interpolation artefacts still exist in the dataset
(Figure 8; ref. [24]), which remain a challenge for ice sheet modelling studies. While our
method does not remove interpolation artefacts that hinder accurate numerical modelling [38],
estimates of the sea-level rise contribution would still be greater than the unmodified dataset
purely from the deepening of the bed [28]. Though the interior portion of the GrIS is unlikely
to contribute to sea-level rise in the current century [39], these findings have implications
for our appreciation of the stability of the GrlS in the far future [48]. Nevertheless, isostatic
uplift of the bed with deglaciation will act to alleviate this, and it is uncertain how ocean
temperature and circulation will evolve on these longer timescales [48].
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Figure 8. BedMachine V3 (‘BM’; ref. [9]) and adapted kriged region bed topography depth differences.
Blue shading indicates areas where the elevation in the adapted bed topography is lower than the
specified threshold and above the threshold in BedMachine. Orange shading indicates the opposite.
Lighter shading represents areas with a threshold at the global mean sea level, while darker shading

represents areas 200 m below the global mean sea level.
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Figure 9. Sub-sea-level contours for Bedmachine (white) and DME-adapted BedMachine subglacial
elevation (purple). Dashed contours illustrate areas 200 m below sea level. (a) Interior area of
the Petermann Glacier canyon and the ice sheet interior. (b) Interior area of Zachariae Isstrem.
(c) Jakobshavn Isbree interior. (d) Kangerlussuaq glacier interior.

4.4. Implications for the Stability of Greenland Outlet Glaciers

Our results suggest that the greatest differences in bed elevation are prevalent where
the elevation is significantly above or below the local mean elevation. Therefore, where
valley cross-sections are derived from the bed topography for ice discharge calculations,

https://doi.org/10.3390/rs18010016


https://doi.org/10.3390/rs18010016

Remote Sens. 2026, 18, 16

16 of 22

Bed elevation (m a.s.l)

a) Zachariae Isstrgm i)

these calculations are likely underestimates. The valley cross-sectional area, widely used
to calculate ice flux [49], was found to increase by 1 £ 1% if our DME-estimated elevation
difference was applied (Figure 10 [locations shown in Figure 11]). Therefore, where flux-
gates have been drawn from kriged bed topography, the cross-sectional area should be
increased by one per cent. Additionally, the DME-estimated bed elevation across flux-
gates at the downglacier edge of the kriged area (i.e., the transition zone to the mass
conservation-derived bed topography) was found to be 7 &= 20% lower than in the original
kriging (Figure 10), which has implications for the depth-averaged velocity parameter in
ice discharge calculations [50].

400 b) Jakobshavn Isbra i)
_"'l'”]”' IH]VII'IM \‘Hl'llll! TTT 200 T T | 1 1 | ‘ 1 | I 1 | 1 |
o "‘4ﬂﬁ==ﬁ==5=‘
200r 1 -20
-400- .
Ot 1 -600- E
.III|IH|JII NN 1 \‘Hllllll\ 111 _80 1 ! 1 | L | 1 1 L
i) i)
500 |II||IH|H. )IHIIII| H‘HI|III[\ H|L 20 T T l T T T ‘ T T ] T T T
0.
300f 1
200 - 20 /
14444””“‘= -400F
-100 N\ ] -600-
-300 N—r \\—7 1 -800F
_500 |III|IH 11 ‘IH 11l Ll u|||||\ H||_100 1 1 | I L1 | I —
1600S Kanger ussJaanciel i) iii)

sl

T T[T 20 LI L LN R R

| -a00-

GOG ‘I\llllllll\ \||||[{u||! ‘\Hll _60 - I | I — A Ll él Ll 2
i) 150 d) Skinfaxe Glacier
1500n ] [RRRARARN R AR [ T T [T L
1300- ] 1300
1100 ] 1100 -
900 900 ]
700¢ 4 700 4
INNRNENI IANANNNENEN| Ll bl 11l L T el Ll
500 Lol Lialin| Lova bl Ll 50 x 5
e) Heimdal Glacier
1900_||I[IH] [HI|III|IH| 1||I|[[HI|I [TH|I_ 180 |)1 T II L T T 1 T 1‘ T 1 T
1700 1 1600 -
1500 1
1300 1 1400~ 7
1100r 1 1200- g
9001 | | l Lodi| | |- ! | |
70%“; 1114 8 IJ]I.2III H]\.G 20w| ”i4j_“ 128 32\HI 100 x 3 15 16

Distance along flux-gate (km)

DME Sea level
BM3 == w200 M b.s.I.

Figure 10. Comparison of Bedmachine (orange profiles) and DME (blue profiles) altered flux-gate bed
elevation cross-sections for major outlet glaciers (labelled in Figure 6). (a) Zachariae Isstrem: (i) North
and (ii) South; (b) Jakobshavn Isbree: (i) North, (ii) Central, and (iii) South; (c) Kangerlussuaq Glacier:
(i) North, (ii) Central, and (iii) South; (d) Skinfaxe Glacier; and (e) Heimdal Glacier.
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Figures 10 and 12. (a) Zachariee Isstrem flux-gate and centreline locations, (b) Jakobshavn Isbrae
flux-gate and centreline locations, (c) Kangerlussuaq flux-gate and centreline locations, and (d) Skin-
faxe and Heimdal flux-gate and centreline locations.

Flux-gate mean depths throughout the area of the bed topography generated by
kriging were found to be deeper, on average, for eight of the ten outlet cross-sections,
six of which were significantly deeper at a 95% confidence interval. Consequently,
discharge through these regions will be underestimated in models evaluating future
dynamic mass loss through these catchments as the ice sheet retreats into them [48].
Importantly, our method has the potential to improve bed topography by reducing the
tendency of kriging to smooth out critical bed features, such as valleys and ridges, which
steer ice flow. By doing so, we can reduce uncertainty in bed topography over large
areas of the interior, enhancing future modelling efforts (Figures 5 and 6). It has been
found that a reduction in bed topography uncertainty over long-wavelength features
significantly improves numerical modelling [38]. Perturbations of 10s of meters have
been observed to strongly influence predicted grounding line retreat [38]. As we provide
reduced uncertainty in bed topography and its likely difference (deeper or shallower),
our method could be used to improve predictions of the evolution of the interior portions
of the GrlIS grounded below sea level.
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Figure 12. Comparison of BedMachine (orange profiles) and DME (blue profiles) altered centreline
bed elevation cross-sections for major outlet glaciers (labelled in Figure 6). (a) Zachariae Isstrom:
(i) North and (ii) South; (b) Jakobshavn Isbree: (i) North and (ii) South; (c¢) Kangerlussuaq Glacier:
(i) North, (ii) Central, and (iii) South; (d) Skinfaxe Glacier; and (e) Heimdal Glacier.

The mean depth along the approximate centrelines of the interior portions of the
outlet glaciers labelled in Figure 6 was found to be deeper by 86 + 20 m (Figure 12).
Importantly, for outlets with extensive sub-sea-level bed topography connected to the
ice sheet interior (Zachariae Isstrem and Jakobshavn Isbree), retrograde bed slopes were
found to be steeper by 0.3 & 0.1° (or 0.5 £ 0.2 as a percentage slope; Figure 12). This is
of crucial importance to our understanding of the stability of the GrIS, as sub-sea-level
retrograde beds are potentially susceptible to MISI [51,52]. The same gradient increase
was observed across all the sampled retrograde beds, suggesting gradients of such beds
in other kriged bed topography datasets are likely underestimated. Additionally, the
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expanse of the area 200 m below sea level is observed across the subglacial topography
for Petermann Glacier, Zachariae Isstrem, and Jakobshavn Isbree (Figure 11), which,
when modelled, would increase the susceptibility of these glaciers to Atlantic water
incursions and, consequently, their perceived stability [44]. Deepening of the bed also
occurs at the interior of the southern branch of the Kangerlussuaq glacier, where a portion
of the bed is lowered below sea level approximately 100 km from the margin along a
retrograde bed slope, potentially increasing the susceptibility of this rapidly retreating
portion of the ice sheet interior to enhanced retreat in the far term [52,53]. However,
the connecting subglacial topography between the current sub-sea-level portion of the
glacier and this upglacier section is well above sea level (Figure 11c). Hence, it is likely
that inland retreat here will be reduced in the near term when the outlet retreats onto
land. These glaciers comprise four of the eight largest contributors to ice discharge from
the GrIS [54]. Consequently, long-term forecasts of their sensitivity to grounding line
retreat may be underestimated.

5. Conclusions

We presented two methods for quantifying and reducing uncertainties in kriged
subglacial bed topography datasets. Firstly, a revised distance—error function was presented,
which reduces uncertainty in bed topography for areas located further than 1.5 km from
flight-line observation. Secondly, an alternative method was presented to estimate the
potential difference in subglacial elevation at an interpolated point from the bed elevation
generated by kriging. We found that this method provides the greatest benefit in areas with
flight-line densities sparser than a 3.5 km spaced grid or 1.8 km spaced parallel flight-lines,
approximately 56% of the GrIS interior. Consequently, our method reduces uncertainty over
an area of the interior that contains 65% of its ice volume. A reduction in uncertainty by up
to hundreds of metres provides improved confidence in bed topography input conditions
for numerical modelling of the GrlIS [38].

Adaptation of the BedMachine Greenland v3 subglacial topography using our DME
method resulted in the deepening of valleys and raising of highlands across the ice sheet
interior. Elevation lowering in subglacial valley bottoms was more prevalent than elevation
heightening, leading to a seven-millimetre increase in the potential global mean sea-level
contribution from the GrlIS. Moreover, the total area below sea level expanded by 2%. Of
particular importance is that the area 200 m below sea level expanded by 29%. This im-
provement in the confidence of the area significantly below sea level is important for more
reliably modelling the susceptibility of major outlet glaciers to enhanced grounding line re-
treat in the future, as the ice sheet retreats into these bed elevation lows [48]. Consequently,
assessments of the future stability of the GrlIS should account for the potential for a wider
area of the bed to be susceptible to incursions of Atlantic Water [39]. Importantly, these
regions contain three of the eight largest glaciers in terms of solid ice discharge from the
ice sheet [54]. While the focus of this study was on the interior of the ice sheet, which has
implications for long-term sea-level change [48], the connectivity of these interior regions to
the ocean through major outlet glaciers like the Ilullissat Glacier (Jakobshavn Isbrae), which
were found to have deeper and steeper retrograde beds, may have potential implications
for rates of ice loss in the near term.

Finally, our method is based on observations over a wide suite of topographic settings
expected to occur beneath any ice mass. As such, it may be applied to bed topography
datasets for other ice masses, which are derived by kriging (e.g., Martian polar ice caps [55]).
Consequently, this may contribute to reduced uncertainty in bed elevation for ice sheet
model inputs and subsequent projections of sea-level change.
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Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/rs18010016/s1, Figure S1: (a) Kriged bed topography grids of
the Inglefield Land PGA, (b) Kriged bed topography grids of the Kangerlussuaq PGA, (c) Kriged
bed topography grids of the Peary Land PGA, (d) Kriged bed topography grids of the EGA PGA;
Figure S2: Boxplot showing variation in interpolation quality as a result of survey geometry and
proximity to the bed; Table S1: Kriging parameters for topographic grids generated for interpolation
error assessment; and Table S2: Descriptive statistics for interpolation error based on input proglacial
area and survey geometry.
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