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Bed topography is a key control on the evolution of
the Antarctic Ice Sheet, influencing ice flow, grounding
line retreat and the rate and timing of ice mass loss.
To assess the sensitivity of ice sheet evolution to bed
variability in ice sheet models, synthetic gridded bed
topography datasets are often used. Here, we review
methods commonly used to generate synthetic beds,
their associated uncertainties and the influence of the
approach on the characteristics of the resulting bed.
Using the Aurora Subglacial Basin in East Antarctica
as a case study, we evaluate the impact of five
synthetic bed generation methods on projected ice
mass loss under a high emission scenario. Sea-level
rise estimates vary by up to 11% (SSP5-8.5 forcing
scenario) and 32% (RCP2.6) at 2300 CE when basal
friction coefficients from the friction law are optimized
for each bed, and by up to 23% (SSP5-8.5) and
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51% (RCP2.6) at 2300 CE when using non-optimized coefficients. Our results highlight the
importance of relatively small bed variations on the timing and extent of grounding line
retreat and the need for process-informed representation of the basal friction in decadal- to
centennial-scale sea-level projections.

This article is part of the Theo Murphy meeting issue ‘Next generation ice-sheet bed
measurements’.

1. Introduction

Bed topography is one of the most critical variables for controlling the evolution of the Antarctic
Ice Sheet. At a regional to sector scale, bed topography controls the magnitude and timing of ice
volume changes by influencing the ice velocity and rate of grounding line retreat. This influence
can be due to the role of pinning points [1-5], or via the bed slope or curvature that influences
glacier susceptibility to instabilities [6-9]. Ice-bed interactions provide resistance to flow [10], in-
cluding through pinning points [11], influencing buttressing [12,13] and determining the relative
contributions of deformation and sliding to the overall column-averaged speed [14-16]. Frictional
heating at the base of the ice sheet regulates the basal thermal regime [17,18] and production of lig-
uid meltwater, which feeds the subglacial hydrological system [19-23]. Sub-ice shelf bathymetry
influences the supply of ocean water masses to the ice shelf cavity [24], and ice shelf and ground-
ing line ocean-driven melt rates [25,26]. Bed features influence the direction and magnitude (i.e. by
modifying the total bed surface area) of heat transfer from the solid Earth to the ice sheet [27,28].
Bed topography is hence a critically important boundary condition for ice sheet dynamics, and
by extension, numerical ice sheet modelling.

The primary method of measuring bed topography is via airborne radar surveys, which have
provided over 82 million data points across Antarctica since the 1950s [29]. Ground-based radar
and seismic surveys can also provide detailed bed measurements (e.g. [30,31]), but are highly
localized and not as widely available as airborne radar. Hence, despite its importance, bed to-
pography remains sparsely sampled across Antarctica, and particularly in critical regions: close
to the present-day grounding line, and within upstream regions into which the grounding line
may retreat in the coming decades to centuries. For example, approximately 10% of the present-
day grounding line has a data point within 1 km, and 59% of the grounding line has a data point
within 5 km [32]. Compounding issues of insufficient survey coverage and radar reflections from
off-target features in regions of steep topography —characteristic of deepened troughs in coastal
zones—may lead to clutter, mask the ability to determine where the ice-bed interface is, and intro-
duce uncertainties. Errors in the bed consequently propagate in ice sheet modelling simulations
[33-35]. Bathymetry within ice shelf cavities is also particularly poorly known. These regions are
inaccessible to most ship-borne platforms [36], and high-fidelity sub-ice shelf submersible sur-
veys are limited to small regions. While inversion of gravity data collected from airborne surveys
provides some constraints on cavity bathymetry [37-40], large uncertainties in the density of the
geological substrate may result in limited accuracy for the inferred cavity geometry. In addi-
tion, the limited achievable horizontal and vertical resolution of the gravity inversion impacts
confidence in these estimates at the scales required for ocean modelling over broad regions (e.g.
[371).

Ice sheet modelling typically relies on gridded bed topography datasets that use some method
of interpolation to gap-fill sparsely sampled radar-derived bed topography. However, the ap-
proach used to generate the bed topography influences how realistically features are captured in
the resulting dataset. Some methods, such as Kriging, result in overly smooth beds, producing
unrealistic estimates of topographic roughness [41,42], and can lead to large simulated mass flux

Downl oaded from http://royal soci etypublishing.org/rsta/article-pdf/doi/10.1098/rsta.2024. 0537/ 6134280/ r st a. 2024. 0537. pdf

by guest

on 24 April 2026

e1sy/jewinol/610'buiysigndiaapos(efos

LESOYTOC +¥8E Y 20S Y Subil Iiyd



divergence due to inconsistencies between model fields [35]. Alternative approaches to interpolat-
ing gridded bed topographies have been proposed to circumvent these issues. These encompass
mass conservation, geostatistical simulation and geophysical approaches (i.e. gravity inversion
in ice shelf cavities), or approaches that combine multiple methods or datasets, including ma-
chine learning. The resulting gridded bed topography datasets are ‘synthetic’ in that they rely on
different approaches to gap-fill or interpolate measured bed data.

The aim of this study is to examine the utility of synthetic bed topographies in ice sheet mod-
elling applications. We define utility as allowing us to either accurately characterize ice sheet
properties or dynamics (e.g. for studies that produce sea-level rise projections) or to provide new
insights into ice sheet processes that may be poorly understood. We first describe the objectives
that guide the generation of synthetic bed topographies, reviewing the approaches used and how
they assess uncertainty. Focusing on the Aurora Subglacial Basin, East Antarctica, we present
an ice sheet modelling case study evaluating the sensitivity of projected sea-level contributions
to bed topographies generated using different approaches. We finish by discussing where such
ensembles may be useful in constraining key unknowns in ice sheet modelling.

2. Methods to generate synthetic bed topographies

Synthetic topographies are typically generated to meet one of two primary objectives (figure 1):
(i) to preserve elevation accuracy, ensuring the bed matches observed values where available
and interpolates appropriately elsewhere, and (ii) to preserve statistical texture, such as covari-
ance structure, so that roughness characteristics are spatially consistent. While these goals are not
necessarily mutually exclusive (the true bed being an example that is both elevation- and texture-
preserving), most methods prioritize one objective over the other to varying degrees. The utility
of a given synthetic bed is influenced by its design objective, which, in turn, influences the types
of ice sheet modelling questions it is most suited to be used for.

Below, we review common approaches for generating synthetic bed topographies, their place-
ment along the elevation-texture spectrum and the associated methods for estimating uncertainty.

(a) Traditional interpolation methods
(i) Mathematical approaches

Among the most straightforward approaches to generating synthetic bed topographies using
non-geostatistical interpolation methods are mathematical functions used to gap-fill unsampled
locations using nearby bed observations—i.e. generating elevation-preserving bed topographies.
Interpolation methods include linear, inverse-distance weighted, spline, bilinear/bicubic and
nearest neighbour interpolation. No spatial model is assumed in these approaches, such that prox-
imity to observations is the primary determinant of the resultant bed. Bed topography datasets
generated using these approaches include: Bedmapl1 [43], which uses an inverse-cubed weighted
algorithm and Bedmap2 [44] and Bedmap3 [29,45], which use the Topo-to-raster method (for-
merly TopoGrid) from ANUDEM [46] implemented in ArcGIS. Topo-to-raster uses thin plate
splines to produce a smooth surface through the use of iterative finite difference interpolation.
Uncertainty in the interpolated topography in Bedmap3, which comprises 93% of the grounded
ice, is calculated heuristically as a function of the distance to the closest topography measure-
ment. This heuristic relationship between uncertainty and distance is derived from the difference
between the new observations added in Bedmap3 and the interpolated topography in Bedmap?2.

Many traditional approaches generate only a single bed realization, where specific parameter
choices can strongly influence the resulting topography. In such cases, uncertainties are typically
addressed in an ad hoc or heuristic manner. To overcome these limitations, ensemble-based meth-
ods have been proposed that allow for more robust assessment and propagation of uncertainty.
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Figure 1. Schematic representing the information that is used to generate bed topographies. (a) Realizations of synthetic bed
topographies in regions of data gaps between flight lines, highlighting differences between beds generated to preserve el-
evation (e.g. Bedmap3, SMUG), for example using methods of Kriging or mass conservation, which may incorporate satellite
observations of surface velocity; and beds generated to preserve texture (e.g. MCMC), for example using geostatistical meth-
ods, which consider the shape of the bed at the flight lines. (b) Other information at the bed, including the bed type (e.g. hard
or soft geological substrates) and the landforms formed by past subglacial and periglacial processes, which can influence both
the generation of a synthetic bed topography, depending on the method used, and the evolution of the ice sheet dynamics
simulated in a model, as a function of the representation of different processes and parameter values.

One such example is the stochastic meshless uncertainty gridding (SMUG, [47]) algorithm. SMUG
is a point-wise interpolation scheme based on a local Taylor series, which produces a robust esti-
mate of both the field being interpolated (here bed topography) and the associated uncertainty.
Spatial derivatives required by the Taylor series are calculated via a high-precision meshless al-
gorithm [48], using a pool of suitable nearby neighbouring observations for both the Taylor series
origin and the calculation of the derivatives. An ensemble approach is used to estimate the inter-
polated value and the uncertainty, with points being drawn randomly from the neighbour pool
for both the Taylor series origin and derivative calculation, and robust statistical methods are used
to calculate the ensemble central tendency and spread. The method can be applied to both bed
topography and texture (i.e. the characteristics of the bed roughness and variability across spatial
scales) fields independently.

The above approaches are commonly used in generating bed topographies, including in non-
glaciated environments. A key limitation is the neglect of accounting for spatial autocorrelation,
which can lead to overly smoothed or unrealistic bed topographies, particularly in sparsely sam-
pled regions [41,42]. Furthermore, common interpolation methods are typically used to map
gridded bed products onto ice sheet model meshes. Although these interpolation distances are
typically much smaller, with correspondingly smaller additional errors and uncertainties than in
the generation of the original bed topography, this can introduce a second layer of uncertainties
in the meshed bed topographies that can propagate in ice sheet modelling (e.g. see discussion in

(2]
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(ii) Linear perturbation theory

Linear perturbation theory has been used to generate bed topographies by deriving transfer func-
tions in Fourier space that link ice surface velocity and elevation to basal properties. For example,
building on [49,50], recent studies [51,52] applied steady-state linear perturbation theory and the
shallow ice approximation to the full-Stokes equations to generate bed topography datasets for
Thwaites and Pine Island Glaciers, West Antarctica. This approach assumes that ice is a linear
viscous fluid (i.e. a Newtonian fluid), flowing at a constant speed, and solves the resulting overde-
termined system via weighted least squares. The resulting beds realistically capture medium-
wavelength features beneath fast-flowing ice but are associated with higher uncertainty in areas
where the shelfy-stream approximation (SSA) to the full-Stokes equations does not hold, such as
areas with steep topography. Hence, this method generates bed topographies that aim to realis-
tically capture landforms and is therefore between the end members (i.e. elevation-preserving or
texture-preserving) on the methodological spectrum.

The topography produced by linear perturbation is subject to several uncertainties, including
parameters used in the inversion (e.g. mean ice thickness and mean basal slipperiness), limitations
in capturing short-wavelength bed features that do not propagate to the surface and the lineariza-
tion approximation (ice is a non-Newtonian fluid). The method divides the domain into discrete
regions, solving for topography in each region independently. To estimate uncertainty, the stan-
dard deviation of topography in overlapping regions is computed; uncertainties related to the
linearization approximation, and to some extent, the inversion parameters, are also quantified.

(iii) Mass conservation

The mass conservation method uses the governing equation for the conservation of mass to recon-
struct bed topography in regions of sparse bed measurements [53,54]. Using observed estimates
of ice surface velocity and surface mass balance inputs, the mass conservation method solves for
ice thickness via the ice flux divergence term (V - HV) and ice surface elevation. The method is
most suitable in regions of relatively fast flow (i.e. where the ice surface velocity is greater than or
equal to 50 m yr~!) and where there is a constant ratio of surface to column-averaged velocities
(i.e. where SSA applies). Outside these regions, uncertainties in the mass flux term become large,
and the method is less reliable.

Mass conservation has been used to generate bed topographies for both the Antarctic and
Greenland Ice Sheets. The BedMachine Antarctic and Greenland datasets [53-55] are among the
most widely used topographies in ice sheet modelling applications (e.g. in the Ice Sheet Model
Intercomparison Project for CMIP6; [56-60]). To generate these datasets, the mass conservation
method was improved to assimilate radar-derived ice thickness estimates [61], such that the
resulting bed topographies are close to elevation-preserving.

The uncertainties in BedMachine Antarctica v. 3 [54,62] are estimated using a combination
of approaches. In fast-flowing regions, uncertainties are estimated by solving a linearized mass
conservation equation propagated both downstream and upstream of radar flight lines, taking
into account uncertainties in surface velocity and surface mass balance observational estimates.
In slow-moving regions, uncertainties are heuristic, with errors assumed to grow linearly as a
function of the distance from the nearest measurement, and capped at 1000 m.

An alternative mass conservation approach is TELVIS (thickness estimation by a Lagrangian
validated interpolation scheme; [63]). TELVIS is a streamline-based mass conservation method
that uses ice surface slope and accumulation to infer ice thickness under local mass balance as-
sumptions. This method interpolates along surface streamlines between observations, resulting
in low variability along streamlines, but (locally) high variability across flow. To address this is-
sue, Gaussian smoothing is applied to the interpolated topography, such that bed measurements
are not necessarily honoured. This method has been used to generate bed topographies in the
Aurora Subglacial Basin, East Antarctica. Uncertainties are estimated at each observational point
using the TELVIS algorithm in separate computations. That is, for each point, all observational
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data within a 5 km radius—including the point itself —are excluded from the calculation, and the
uncertainty is computed as the difference between the TELVIS-predicted ice thickness estimate
and the observed value at that point.

(b) Geostatistical methods

Geostatistics comprises stochastic and spatial statistics-based methods to generate bed topog-
raphy datasets and associated uncertainties that are consistent with observed data and known
characteristics of the bed, including its texture, roughness or correlation structure [64]. Geosta-
tistical approaches can be categorized into deterministic estimation-based methods (e.g. Krig-
ing), simulation-based methods (e.g. sequential Gaussian simulation (SGS), multiple-point direct
sampling, Markov chain Monte Carlo (MCMC)) or hybrid/advanced methods (e.g. geostatistical
inversion and combined geostatistical/machine learning approaches).

(i) Kriging

The Kriging family of methods (ordinary, universal, simple, indicator, co-, regression or Bayesian
Kriging) are forms of Gaussian process regression that use spatial covariance information to
generate bed estimates at unsampled locations (i.e. Kriging is an elevation-preserving method).
Ordinary, universal and regression Kriging incorporate trends or regression models to integrate
the non-stationarity of the data. The objective of Kriging is to optimize local accuracy and in-
terpolate values in such a way that the estimation variance is minimized [65]. An advantage of
Kriging is that it produces an estimation variance at each interpolated grid cell, providing a robust
uncertainty estimate. Furthermore, although Kriging is mathematically elegant, it can generate
‘bulls-eye’ patterning, whereby systematic, spurious sinks or conical features are introduced into
the bed topography. Kriging, by definition, also averages radar bed measurements to perform in-
terpolations, which causes smoothing. As such, Kriging does not reproduce the spatial covariance
of observations.

(ii) Geostatistical simulation

While Kriging prioritizes interpolation accuracy at the cost of realistic spatial characteristics, geo-
statistical simulation is designed to reproduce the spatial structure observed in the data [66].
This approach involves generating multiple realizations of bed topography that are conditioned
to available measurements and exhibit realistic roughness [64] —i.e. texture-preserving. The re-
sulting ensemble of realizations provides a quantitative measure of uncertainty and enables the
propagation of bed uncertainty into downstream models. Geostatistical simulation methods typ-
ically fall into two main categories: (i) SGS, and (ii) multiple-point statistics (MPS). SGS is the
stochastic counterpart to Kriging and is built on the same system of equations. In theory, the
mean and variance of an SGS ensemble approximate the Kriging estimate and variance. SGS ap-
proaches can account for spatial trends, anisotropy and even heterogeneous roughness in bed
topography [42]. MPS methods, by contrast, are non-parametric and rely on representative train-
ing images to model complex spatial patterns [67]. In the context of subglacial topography, MPS
uses densely surveyed bed regions and seafloor bathymetry as training data to fill in data gaps
[41,68,69]. While MPS excels at simulating complex geological textures, its effectiveness depends
critically on the availability, quality and appropriateness of training images.

(iii) Geostatistical inversion

The advantages of geostatistical simulation and geophysical inversion (e.g. gravity inversion for
bathymetry) can be combined through geostatistical inversion [70-73]. Typically, this involves
some sort of MCMC approach where geostatistical realizations are iteratively perturbed until
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forward-modelled synthetic data match the measurements. This framework is advantageous be-
cause it allows for the sampling of the parameter space and does not require the inverse problem
to be solved directly, making it well suited for non-unique, nonlinear inverse problems. This
approach has recently been used to generate bed topography ensembles that are both texture-
preserving and consistent with observed fields (i.e. ice surface velocity, elevation and surface mass
balance; [74]). The ensemble of topographies generated with MCMC can be considered as a set of
samples from the posterior distribution defined based on the physical constraints. This approach
captures the uncertainties associated with different solutions to the same governing equation,
such as mass conservation. The ensemble approach enables uncertainties in bed topography to be
systematically propagated in ice sheet model simulations.

(c) Machine learning methods

Machine learning, including physics-informed and data-driven approaches, has more recently
been used to generate bed topography datasets. As with the approaches outlined above, machine
learning models can leverage a range of input data, including ice surface velocity and eleva-
tion (and trends), radar observations and surface mass balance, to estimate the underlying bed
elevation.

Various machine learning models have been applied to generating bed topography datasets
[75-78]. Algorithms, such as gradient-boosted decision trees (e.g. XGBoost; [77]), can handle
structured data, identifying spatial relationships between features at the surface and the ice-bed
interface (i.e. similar to linear perturbation theory). Deep learning models, particularly convolu-
tional neural networks, are designed to identify spatial hierarchies in gridded datasets and hence
resolve features across spatial scales. More recently, machine learning approaches that combine
multiple input datasets, including radar-derived bed elevation measurements, as well as surface
datasets (velocity, elevation), are being developed. One such approach—DeepBedMap —adapts
the enhanced super-resolution generative adversarial network algorithm to generate a very high-
resolution (250 m) bed elevation model [76]. In addition to the higher resolution than many
classically interpolated products, an advantage of this approach is in producing bed roughness at
a fine scale that aligns more closely with the expected texture of the bed elevation measurements.
Building on its application to internal ice layers and to better handle sparse and irregularly sam-
pled data, the graph neural network approach has also been utilized for Antarctic bed elevation
applications [79]. The advantage of this approach is its ability to learn from patterns within a
neighbourhood of points, with good skill in representing patterns in the bed elevation. Across
these studies, training labels are typically gridded radar-derived bed elevations or pre-trained on
the external ArcticDEM to infer Antarctic bed. Reported validation strategies range from stan-
dard train/test splits to spatial cross-validations and product benchmarking. Full methodological
specifics are detailed in the original articles.

Although not yet applied in glaciology, other fields such as groundwater hydrology have
demonstrated that integrating geostatistical techniques (e.g. universal Kriging), structured data
processing and deep learning can improve the realism of machine learning datasets [80] by en-
forcing physically consistent relationships between inputs and predictions. However, the focus
on preserving large-scale elevation structure could also lead to small-scale structures being overly
smoothed, highlighting a potential trade-off between physical consistency and high-frequency
detail, particularly in sparsely sampled regions.

Uncertainties in bed topographies derived from machine learning models arise from multiple
factors, including unevenness in training data coverage (e.g. radar line density), input feature se-
lection and assumptions in the model architecture. Quantifying these uncertainties is critical, yet
often remains ad hoc. Evaluation metrics like the root mean square error provide a global error es-
timate but cannot adequately quantify spatially variable uncertainty. Ensemble modelling, cross-
validation and uncertainty-aware architectures like Bayesian neural networks are increasingly
used to estimate predictive uncertainty [81]; however, standardized approaches for quantifying
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uncertainty remain limited. Moreover, neural networks often lack clearly defined optimization
goals. In geostatistics, interpolation outcomes are typically explicit: optimizing local accuracy
(i.e. elevation-preserving, as in Kriging) or spatial variability (i.e. texture-preserving, as in SGS).
However, by contrast, neural networks often attempt to satisfy both objectives simultaneously,
resulting in outputs that may be difficult to interpret.

(d) Joint inversions: disentangling bed topography and basal friction

In the preceding sections, we reviewed approaches to generating synthetic bed topographies
through the assimilation of various data streams. The efficacy of some of the approaches out-
lined above is influenced by underlying assumptions about bed properties, including the basal
friction coefficient field and the properties and processes that influence it. For example, methods
that employ inversion typically assume a fixed spatial structure for the basal friction coefficient,
which can lead to unresolved resistance at the bed being attributed to either friction or topogra-
phy, without the capacity to distinguish between skin drag (frictional resistance) and form drag
(arising from bed geometry). This is an issue that has been previously discussed in the literature
[10], including in relation to locations where the bed topography is unresolved [82]. It can lead
to significant errors in both bed topography and basal friction fields, especially in regions with
sparse observations, complex basal processes or when other ice dynamics processes are poorly
constrained [16,83].

An alternative approach is joint inversion (e.g. [84-89]), which simultaneously solves for both
the bed topography and basal friction coefficient using surface observables (e.g. velocity and
elevation), allowing for a more continuously discretized partitioning between processes that influ-
ence basal drag. Such an approach also reduces the risk of compensating errors, including where
friction and bed elevation adjust in offsetting ways to fit surface constraints. One approach to joint
inversion is via ensemble-based Bayesian frameworks (e.g. [84]), which allow quantification of
uncertainties and correlations between the inverted fields, helping to identify regions where drag
attribution is ambiguous or poorly constrained. Another approach is via snapshot (i.e. one point
in time) or time-dependent data assimilation. The latter shows considerable advantage in taking
into account the transient nature of both the fields that are being derived (e.g. transient effects on
the friction coefficient) and the observables included in the assimilation (e.g. surface velocity and
elevation). A more complete review of time-dependent data assimilation and the computational
techniques used to perform it, such as automatic differentiation, is provided in [88].

As for all of the methodologies we have reviewed above that require treatment of the basal
friction coefficient, joint inversion frameworks typically assume temporally static basal condi-
tions. This limits their ability to represent transient processes in the basal friction field, such as
evolving subglacial drainage, sediment transport or other changes associated with grounding
line migration. Capturing such processes would require not only joint inversion but also time-
dependent data assimilation (e.g. [88]) and more sophisticated treatment of subglacial processes
(e.g. [90]). Nevertheless, joint inversion offers a promising pathway to more physically motivated
representations of both bed topography and basal friction.

3. Ice sheet sensitivity to bed topography

Understanding the sensitivity of ice sheet evolution to bed topography has been a long-standing
focus of ice sheet modelling studies. A common approach to assessing such sensitivity involves
generating large ensembles of bed topography realizations, where variations in the bed are in-
formed by uncertainty estimates (e.g. [1,91]) or by adding structured or random noise (e.g. [92,93]),
and running prognostic ice sheet model simulations to evaluate differences in the ice sheet re-
sponse to different bed topography realizations. Such ensemble-based approaches enable quan-
tification of the influence of bed variations on key ice sheet variables. Ensemble approaches can
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also be used to determine how well the bed must be constrained (i.e. to what level must uncer-
tainty be reduced) to ensure that sea-level rise projections remain within a prescribed tolerance.
This approach has been recently applied to the Thwaites Glacier catchment [1], where wavelet de-
composition was used to construct an ensemble of bed realizations. The study found that to limit
global sea-level rise uncertainty due to ice loss from the Thwaites catchment to +2 cm would re-
quire constraining bed topography to within 8 m vertically and 2 km horizontally. Note, however,
that this resolution requirement may vary for different Antarctic catchments.

An alternative approach to assessing ice sheet sensitivity to bed topography is via automatic
differentiation [94,95], which quantifies the sensitivity of a model output to perturbations in
a given independent input. This method characterizes spatial sensitivity and hence highlights
where constraining estimates of an independent variable will be most valuable in constraining
propagated uncertainties in the ice sheet evolution. For example, Utke et al. [94] showed that the
ice volume above flotation in the Amundsen Sea Sector is largely insensitive to basal friction co-
efficient variations in the ice sheet interior, but highly sensitive within a few tens of kilometres
upstream of the Pine Island and Thwaites Glacier grounding lines. Although automatic differenti-
ation is gaining traction in glaciological applications, it has yet to be applied to assess sensitivities
to bed topography.

Ensemble approaches and automatic differentiation provide complementary insights into ice
sheet sensitivity. Ensemble approaches assess how uncertainties in bed topography of varying
magnitudes and spatial structures influence ice sheet evolution. This is particularly useful for
evaluating how errors in elevation or landform (i.e. elevation- versus texture-preserving bed to-
pographies) might affect projections, and for determining the level of observational constraint
required in different regions, as discussed above. By contrast, automatic differentiation identifies
where the model is most sensitive to perturbations in the bed, independent of their actual mag-
nitude or uncertainty. This makes it a powerful tool for locating regions where small errors —if
present—could have relatively large effects on ice dynamics. The distinction between these two
approaches is important when considering physical processes at the ice-bed interface. For ex-
ample, a region with high form drag may show strong sensitivity to small-scale topographic
undulations (e.g. pinning points), which a texture-preserving bed realization could better capture.
Conversely, a region dominated by skin drag might exhibit lower sensitivity to topographic de-
tail but higher sensitivity to friction-related processes. Ensemble methods can capture sensitivity
resulting from both, but only automatic differentiation can precisely highlight the mesh point-
wise impact of variations on the metric in question (e.g. flux over the grounding line). While our
study is based on ensemble methods, future work would benefit from incorporating automatic
differentiation to identify the regions and processes that could be targeted for improved realism
of ice sheet model projections.

4. Assessing ice sheet sensitivity to bed variations: a case study of the Aurora
Subglacial Basin

In this section, we assess the sensitivity of mass loss from the Aurora Subglacial Basin to bed topog-
raphy using the ice-sheet and sea-level system model (ISSM; [96]). The Aurora Subglacial Basin is
one of the most rapidly evolving catchments in East Antarctica [97,98], with ocean-driven ice shelf
melt dominating its evolution [3,5,98]. Containing approximately 7 m of equivalent sea level, the
Aurora Subglacial Basin has been the subject of several ICECAP (Investigating the Cryospheric
Evolution of the Central Antarctic Plateau; [63]) surveys since 2008, resulting in approximately
9.4 million radar points [29] —a coverage of approximately 8.1 points per km?. However, the data
distribution is highly anisotropic, with high along-track point density (median spacing of 12.2 m),
while lateral spacing between tracks is typically multiple kilometres. This can lead to relatively
large differences between bed topographies generated using the different approaches described
above (figure 2). A similar result is likely to be the case for generating synthetic bathymetries,
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Figure 2. Bed elevation datasets (m) considered in our Aurora Subglacial Basin ensemble, zoomed into the Totten-MUIS re-
gion, as follows: (a) BedMachine [53]; (b) MCMC [73]; (<) MCMC with SGS conditioned based on MCMC (MCMC + SGS); (d)
SMUG [46] and (e) Bedmap3 [44]. Locations of the Vanderford Trench (VT), Vanderford Glacier (VG), Totten Glacier (TG) and the
Moscow University Ice Shelf (MUIS) are shown in panel (a). (f) Bed measurements from airborne radar surveys used in the gen-
eration of SMUG, Bedmap3 and the MCMC/MCMC + SGS bed topographies [28]. Differences between the BedMachine dataset
and the MCMC, MCMC + SGS, SMUG and Bedmap3 datasets are shown in panels (g)—(j).

although their generation and corresponding implications for ocean modelling are not a focus of
this study.

Here, we aim to better understand the impacts of the choice of bed topography on simu-
lated sea-level rise and particularly examine where, and to what extent, evolution of the Aurora
Subglacial Basin is sensitive to bed topography variations. To this end, we conduct ice sheet
model simulations using an ensemble of bed topographies—comprising both elevation- and
texture-preserving beds—forced using low and high emission scenarios to 2300 CE.

(a) Model and approach
(i) Model initialization

The ice sheet model domain is the Ice sheet Mass Balance Inter-comparison Exercise outline for
the Aurora Subglacial Basin, East Antarctica [99], of which the key outlet glaciers are the Vander-
ford, Totten and Moscow University Ice Shelf (MUIS) Glaciers (e.g. [100]). The horizontal domain
is partitioned into 416 515 triangular elements, with mesh refinement based on the MEaSUREs v. 2
ice velocities [101,102], with the horizontal element size increasing from approximately 500 m near
the grounding line to a maximum of 40 km in the interior of the catchment. We use the BedMachine
Antarctica v. 3 [54] dataset for initial bed and surface elevation, and grounded and floating ice
masks to initialize the geometry, reinforcing hydrostatic equilibrium where interpolation errors
onto the model mesh lead to floating ice geometry inconsistencies.

Inverse methods [60,103] and the Glen flow law [104-106], in conjunction with the MEaSUREs
v. 2 ice surface velocity fields, are used to determine the ice rigidity on floating ice. We then use
the Schoof friction law [107,108] to determine a basal friction coefficient over grounded ice via in-
version, again with the MEaSUREs v. 2 ice surface velocity fields as the observational constraints.

Downl oaded from http://royal soci etypublishing.org/rsta/article-pdf/doi/10.1098/rsta.2024. 0537/ 6134280/ r st a. 2024. 0537. pdf
on 24 April 2026

‘e1s1/Jounof/biobuysyigndiraposiefos

LESOYTOC +¥8E Y 20S Y Subil Iiyd



To avoid spatial heterogeneities in the basal friction coefficient associated with the neglect of sub-
glacial hydrological processes [90], which are known to be important in this region [19], we follow
a similar set-up to that described in [21]. Specifically, we generate an effective pressure field from
the GlaDS subglacial hydrology model implemented in ISSM (see also [22,23,109]) and use this
field as input to the Schoof friction law. More details on the modelling procedure are provided in
the electronic supplementary material, section S2. The resulting effective pressure field and the
corresponding friction coefficient calculated using the BedMachine geometries are shown in the
electronic supplementary material, figure S1, and are temporally invariant for each simulation.

(ii) Control simulation

Starting from the model initial state described above, we perform a 20 year relaxation simulation
with a constant ice shelf basal melt rate [110], to ensure model fields are consistent (cf. [86]). Using
the geometries and velocities at the end of the relaxation period, we simulate projections from 2015
to 2300 CE. We perform simulations under low and high emission scenarios using ocean thermal
forcing and surface mass balance fields derived for the ISMIP6 Antarctic 2300 CE forcings [60,111].
For the low emission scenario, we use the NorESM1-M Representative Concentration Pathway
(RCP) RCP2.6 scenario; for the high emission scenario, we use the UKESM1-0-LL Shared Socioe-
conomic Pathway (SSP) SSP5-8.5 scenario. In both cases, basal melt rates are calculated using the
non-local quadratic ISMIP6 melt rate parametrization [112]. We note that the SSP5-8.5 scenario is
generally considered to be a high-end, and less likely, scenario; however, in what follows, we fo-
cus mainly on the results from the high emission scenario because a stronger ice sheet response to
increased ocean thermal forcing in this case should amplify differences between the simulations
using different bed topographies, including any potential systematic differences between the beds
generated using different methodologies. All prognostic simulations of the ice sheet model evolve
the momentum and mass balance equations and grounding line location. A monthly model time
step is used, and key model variables are output every model year. The calving front is kept fixed
in all simulations.

(iiii) Bed topography ensemble

We geostatistically simulate an ensemble of mass-conserving topographic realizations for the Au-
rora Subglacial Basin using a new MCMC approach [74]. This geostatistical inversion method
iteratively perturbs geostatistical realizations of bed topography, using mass conservation as a
constraint in fast-flowing regions (where surface velocities are greater than or equal to 50 m yr~1),
and accepting topographies based on the misfit in the ice flux using mass conservation and ob-
served velocities. The geostatistical parameters that control the topography texture are calculated
from the available radar-derived bed topography within the Aurora Subglacial Basin (within the
high-velocity regions). Specifically, we calculated the variogram of the radar measurements and
used the variogram parameters to specify the texture of the bed topography. When MCMC is
used to generate each member in the topography ensemble, we ensure that the bed topography
generated reconstructs the variogram. More details can be found in [74]. A total of five ensemble
members were generated. To investigate the influence of bed variations distal to the grounding
line where ice flow is too low to apply mass conservation constraints, we use an SGS, condi-
tioned on one of the MCMC beds, to generate an additional 10 bed realizations (MCMC + SGS).
The domain for the MCMC + SGS simulations is shown in figure 2; outside this domain, the bed
topography is the BedMachine bed.

Using the final geometries and velocities from the relaxation simulation, we run prognostic
simulations under the same ocean and atmosphere forcing described in §4a(ii) for each MCMC
and MCMC + SGS bed realization, a bed realization generated using the SMUG algorithm [47],
and the Bedmap3 bed topography [45]. For each bed realization, we run two simulations: one us-
ing the same basal friction coefficient as derived for the BedMachine configuration, and another
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using basal friction coefficients generated from inversion for each bed realization under consid-
eration. The histograms of the basal friction coefficients for the BedMachine simulation and each
of the bed realizations are shown in the electronic supplementary material, figure S2, their dif-
ferences in the electronic supplementary material, figure S3, and the Kolmogorov-Smirnov test
statistic of significances in the differences between the friction field distributions, along with the
corresponding p-values, are shown in the supporting electronic supplementary material, table S1.

Figure 2 compares the BedMachine bed with one realization of each of the MCMC and MCMC
+5GS beds, and the SMUG and Bedmap3 beds for a subset of the Aurora Subglacial Basin, where
the surface speed is greater than or equal to 50 m yr~!. A few differences between the bed to-
pographies are worth noting. First, the BedMachine bed is deeper than each of the other bed
topographies in the Vanderford Trench within the region approximately 20-30 km upstream of
the present-day Vanderford Glacier grounding line. Second, Bedmap3 is, on average, deeper than
all other bed topographies upstream of the Vanderford Trench, although there are localized re-
gions of higher elevation, and the SMUG and Bedmap3 datasets show the strongest agreement
at the small scale (as might be expected, given both are generated using the same observational
data [29]). As expected, the MCMC and MCMC + SGS bed topographies show much larger local
deviations from BedMachine than both the SMUG and Bedmap3 bed topographies. The MCMC
and MCMC + SGS realizations use the updated Totten bathymetry from [113], which was not in-
corporated in BedMachine v. 3, but does not impact our simulations, given we focus on scenarios
likely to produce grounding line retreat, and the melt rate parametrization used does not depend
on the ice shelf cavity geometry.

(b) Sensitivity of ice sheet evolution to ensemble-based projections

The retreat behaviour of the Aurora Subglacial Basin has been well documented in previous stud-
ies [4,60,114-116]. Here, we specifically consider the effect of different bed topography and friction
coefficient realizations on the timing and rate of grounding line retreat.

Figure 3 shows the time series of the rate of change of ice mass above flotation (dM/d¢, calcu-
lated by converting from ice volume above flotation to ice mass above flotation; left y-axis) and
the corresponding global mean sea-level equivalent (right y-axis) for each bed realization. The
evolution of both the grounding line location and ice thickness contributes to the change in ice
mass above flotation in our simulations; here, we focus on describing the pattern in grounding
line retreat, which evolves similarly in each simulation.

Glaciers in the Aurora Subglacial Basin show relatively linear and little retreat and mass loss
under climate change to approximately 2115 CE under both RCP2.6 and SSPS5-8.5 scenarios (re-
flected in the smaller dM/dt values in figure 3). This trend persists throughout the simulation
under RCP2.6 forcing. However, for the SSP5-8.5 scenario, from approximately 2115 to 2180 CE,
grounding line retreat and mass loss accelerate rapidly. This is manifest in the merging of the
grounding lines of the Totten, Vanderford and MUIS Glaciers, and the retreat to the southern
edge of the Vanderford Trench—a topographic barrier to the inland Aurora Subglacial Basin. Ice
mass loss continues beyond 2180 CE, with an increasing spread in the sea-level rise estimates, i.e.
reflecting sensitivity to the bed topography and friction coefficient realization.

We observe a systematic difference in the magnitude of dM/dt and the sea-level equivalent
between the BedMachine, SMUG and Bedmap3 topographies and the MCMC ensembles (figure
3; note that cumulative sea-level estimates are shown in the electronic supplementary material,
figure S4). In particular, for the SSP5-8.5 scenario, the BedMachine, SMUG and Bedmap3 simula-
tions generally reflect the greatest absolute rate of mass loss over the period of marked grounding
line acceleration from 2115 to 2180 CE, and the largest sea-level rise by 2300 CE. By contrast, the
MCMC ensembles —both MCMC and MCMC + SGS and for all friction coefficient realizations —
have the lowest mass loss to 2300 CE. The result is similar for the RCP2.6 scenario, although the
BedMachine topography initially shows mass loss rates consistent with the MCMC and MCMC
+ SGS topographies, before increasing from approximately 2200 CE in a similar pattern to the
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Figure 3. Simulations of the Aurora Subglacial Basin to 2300 CE. Rate of change of ice mass above flotation (dM/dt, Gtyr~") for
the RCP2.6 scenario (a) and the SSP5-8.5 scenario (c); sea-level rise (SLR, mm water equivalent) for the RCP2.6 scenario (b) and
the SSP5-8.5 scenario (d). The spread between the simulations that use the BedMachine Antarctica, SMUG, Bedmap3, MCMC
and MCMC + SGS beds is shown for scenarios that use the friction coefficient derived from inversion using the BedMachine bed
versus friction coefficients derived from inversion using each individual bed realization other than BedMachine (simulations
with an _fsuffix).

SMUG and Bedmap3 simulations. Given that the simulations start from a different initial ice vol-
ume (due to differences in the bed topography and hence ice thickness; although the maximum
difference in initial ice mass above flotation is 0.36%), it is not unexpected that the initial dM/d¢
values vary accordingly. Despite these variations in dM/dt magnitude, the overall shape of dM/dt
for all simulations is very similar, which highlights the importance of the large horizontal-scale
bed variations in determining the overall behaviour in the grounding line evolution of this region.

As expected, the dM/dt and sea-level contributions reflect differences in both the bed topogra-
phies and the basal friction coefficients. Generally, the simulations that use the same friction
coefficient as BedMachine show a much larger spread, equating to a greater systematic difference
in final sea-level contributions (this equates to the smallest sea-level equivalent being approx.
23% less than the largest across all ensemble members at 2300 CE for the SSP5-8.5 scenario and
51% for the RCP2.6 scenario) than the simulations with friction coefficients optimized for each
bed realization (approx. 11% for SSP5-8.5 and 32% for RCP2.6). The difference between sea-level
contributions in the MCMC members that use the two different friction coefficient approaches
is generally larger than the spread between individual members of each set. The electronic sup-
plementary material, figure S2, shows histograms of friction coefficients for each bed realization,
and the electronic supplementary material, figure S3, shows differences between the friction coef-
ficients generated using BedMachine and each of the MCMC, MCMC +SGS, SMUG and Bedmap3
bed topographies. We note that the differences in the distributions of friction coefficients are
not statistically significantly different between any ensemble member compared with the Bed-
Machine friction coefficient (electronic supplementary material, table S1). Rather, the differences
between the friction coefficients are attributable to local-scale shifts in extrema corresponding to
local-scale bed topography fluctuations between each bed realization. This is particularly impor-
tant in the region close to the grounding line, where small differences in the friction coefficient
can lead to a markedly different timing in the onset of grounding line retreat.

Next, we examine the differences in the evolution of the grounding line location as a function
of variations in bed topography and basal friction coefficient, focusing on the SSP5-8.5 scenario.
Figure 4 shows the grounding line evolution along six streamlines calculated using the MEaSUREs

Downl oaded from http://royal soci etypublishing.org/rsta/article-pdf/doi/10.1098/rsta.2024. 0537/ 6134280/ r st a. 2024. 0537. pdf
on 24 April 2026

e1sy/jewinol/610'buiysigndiaapos(efos

¥8€ ¥ 205y Subl[ 1Yd

L€50¥C0C



v. 2 ice surface velocity fields, focused on the Totten and MUIS Glaciers. For simplicity, in figure 4
we show only the results that use the same friction coefficient realization (derived from inversion
using the BedMachine bed), comparing results for BedMachine, SMUG, Bedmap3 and one MCMC
realization. The full set of comparisons is shown in the electronic supplementary material, figure
S5. All beds generally capture the same large horizontal-scale variations, with greater vertical dif-
ferences at finer horizontal scales. This is particularly notable for profiles 3 and 4, where local
vertical differences between the BedMachine and MCMC beds can be greater than 200 m across
horizontal scales of 2-5 km. Large vertical differences in the bed do not necessarily always trans-
late to large differences in the evolution of the grounding line retreat, except where they influence:
(i) the timing of the onset of grounding line retreat, and (ii) the final grounding line position. For
example, there is relatively little difference in the grounding line evolution of profiles 1 and 2:
grounding line retreat initiates at a similar year, the rate of retreat is very consistent between dif-
ferent ensemble members, and the final grounding line position is very similar. For profile 3, the
BedMachine, SMUG and Bedmap3 grounding line retreat is delayed by 50-100 years compared
with the MCMC ensemble; once initiated, grounding line retreat occurs very similarly for all bed
topographies. For profile 4, again, the grounding line retreat rate is similar across simulations,
except in the final approximately 100 years, where the BedMachine, SMUG and Bedmap3 simu-
lations show approximately 25 km more grounding line retreat than the MCMC ensemble, most
likely linked to larger systematic differences between these bed elevation realizations compared
with the MCMC ensemble members. For profiles 5 and 6, the timing of the onset of retreat and the
final grounding line positions vary more considerably, again as a function of variations in the bed,
with the MCMC bed showing earlier retreat onset. As expected (given the dM/dt and sea-level
results in figure 3), the differences across the MCMC and MCMC + SGS ensemble members are
generally smaller than the differences between the MCMC and MCMC + SGS ensembles and the
BedMachine, SMUG and Bedmap3 realizations (electronic supplementary material, figure S5).

5. Discussion

(a) The utility of synthetic bed topographies

We first revisit the utility of synthetic bed topographies in light of their underlying design ob-
jectives: namely, whether they preserve elevation (BedMachine, SMUG, Bedmap3) or texture
(MCMC, MCMC + SGS). As discussed in §2, elevation-preserving datasets aim to realistically
represent the large-scale shape and gradients in the bed, and therefore might produce a more re-
alistic response in ice sheet models where the data density is sufficiently high to constrain key bed
features. However, the key question here is, what is dense enough? A previous study [1] demon-
strated that, to constrain sea-level rise uncertainty within +20 cm from Thwaites Glacier, bed
observations must be spaced at least every 2 km horizontally, with a vertical accuracy of at least
8 m. No such density in radar surveys exists at the catchment scale, particularly within critical re-
gions likely to contribute to sea-level rise over the coming centuries [59,60]. Ensemble approaches
based on elevation-preserving bed topographies (e.g. [1,91]) can provide insight into the effects of
the bed uncertainty on the ice sheet evolution, but the representativeness of simulated landform
amplitude and wavelength—and the ability of such datasets to capture the character of pinning
points—remains a central challenge.

By contrast, texture-preserving topographies, such as the MCMC and MCMC + SGS realiza-
tions examined here, aim to reproduce the statistical structure of surveyed landforms, including
the amplitude and periodicity of bed undulations observed in radar data. These datasets are de-
signed to replicate the morphology of landforms, such as subglacial ridges, troughs and rough
patches, even where observations are sparse. By preserving textural properties, they may offer
an improved representation of the characteristics of likely pinning points and other features,
specific to the region of interest, and which are crucial for simulations of grounding line re-
treat. While such datasets may sacrifice small-scale elevation accuracy, their ability to realistically
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Figure 4. (a) Shading shows the number of ensemble members that predict floating ice in the region of the Totten and MUIS
Glaciers on a background hillshade model of BedMachine v. 3 Antarctica, with the white line designating the present-day
grounding line position [53]. Six streamlines are shown (blue lines), which correspond to the profiles in panels (b)—(g). The
median of the BedMachine, SMUG, Bedmap3, MCMC and MCMC + SGS beds is shown (solid brown line; right y-axis), with the
range (minimum to maximum of all bed realizations) indicated by vertical lines. The grounding line retreat over time for the
BedMachine, SMUG, Bedmap3 and one MCMC bed realization is shown in coloured dotted lines (left y-axis). The profiles for the
simulations using all scenarios are shown in the electronic supplementary material, figure S5.

sample the range of bed geometries expected in Antarctic catchments is valuable for robust uncer-
tainty quantification in ice sheet models, particularly in regions where data are sparse. Ultimately,
texture-preserving topographies can complement elevation-preserving approaches by capturing
unsampled fine-scale bed features that may strongly control ice dynamics.

A key element of all the bed datasets discussed in this study is their estimate of uncertainty.
Robust uncertainty estimates of bed topography are critical because they define the limits of what
can be inferred, both about a given bed topography dataset and the ice sheet model experimen-
tal design. Uncertainties comprise observational, intra- and inter-algorithm differences, and the
method of interpolation onto ice sheet model grids (which is a function of the model resolution),
and can directly influence ice sheet dynamics, including through parameters like the basal fric-
tion coefficient. Furthermore, when uncertainties are robustly quantified (as for the SMUG and
MCMC algorithms considered in this paper), they can be used in ice sheet model simulations (in-
cluding, e.g. through analyses such as the DAKOTA framework [33,34]), and the results can be
used to inform experimental design, model sensitivity studies and future airborne radar surveys
targeting observations of the ice-bed interface.

In §5b below, we discuss implications of our case study focused on how different bed to-
pographies, including both elevation- and texture-preserving beds, impact ice sheet evolution
and associated sea-level contributions from the Aurora Subglacial Basin, East Antarctica. While
this provides important insight into one key impact of bed uncertainties —i.e. sea-level rise—bed
topography also influences other processes at the ice-bed interface, including heat transfer, which
impact the basal ice temperature, basal melt rates, sliding and subglacial hydrology. We discuss
these in more detail in §5c.
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(b) Ice sheet sensitivity to bed topography in the Aurora Subglacial Basin

A key aim of our study was to investigate ice sheet sensitivity to bed variations. We did this using
an ensemble ice sheet modelling approach with realizations of bed topography generated using
different methodologies, including those that preserve elevation and those that preserve texture.

Overall, we find that small differences in the bed topography (and friction coefficient, as dis-
cussed in more detail in §5¢) can significantly impact ice sheet evolution in the Aurora Subglacial
Basin under both low and high emission scenarios. In particular, for the SSP5-8.5 scenario, the
timing of the onset of rapid grounding line retreat locally varies by up to approximately 100 years
depending on the bed topography realization. We highlight local here, given that while all bed
realizations similarly captured the large-scale bed features of the region, it was local differences
in key regions —close to the present-day grounding line and the upstream edge of the Vanderford
Trench—that led to the marked differences in the timing of the onset of rapid retreat and in the fi-
nal grounding line position (e.g. [2,5]). This highlights the urgent need for targeted radar surveys
to constrain the bed topography directly upstream of the present-day grounding line and within
the region of likely grounding line retreat over the coming decades to centuries.

Despite local vertical differences in bed topography realizations of over 200 m, the rate of re-
treat, once initiated, was relatively insensitive to the bed elevation. That is, all our simulations
showed very consistent retreat rates for both optimized and non-optimized friction coefficients
[117]. This could be partly related to the particulars of this system. That is, the retreat of the Totten
and Vanderford Glaciers through the deeply incised Vanderford Trench and between the eastern
flank of the Totten and MUIS Glaciers is rapid once initiated, a finding that is also supported
by the inferred geomorphology of the basin [114]. This behaviour is consistent with the region’s
marine-based bed and vulnerability to a warming ocean.

Given that we did not use automatic differentiation in this study, we cannot say from our ex-
periments where the system is most sensitive to uncertainties in the bed topography —i.e. how the
magnitude versus the location of bed variations impact the system. Nevertheless, given that the
MCMC beds vary from the BedMachine bed topography only within the 50-100 km upstream
of the present-day grounding line, our simulations reflect high sensitivity to bed topography
near the grounding line, which is consistent with previous studies (e.g. [1,91]). Interestingly, the
MCMC + SGS simulations (although all conditioned on one realization of MCMC) show consis-
tently less sea-level contributions than any of the MCMC simulations, which is evidence that distal
bed topography can influence ice mass loss; however, this effect is secondary compared with the
effects of differences close to the grounding line.

Finally, we observe a systematic difference in the sea-level projections derived from the
elevation- and texture-preserving bed realizations analysed here, particularly for the SSP5-8.5
scenario. Given the relatively small sample size of the MCMC and MCMC + SGS ensembles, we
cannot determine whether this result can be generalized to all plausible bed topographies within
the two different categories (i.e. bed topographies that also meet the mass-conserving constraint).
We generally find that the large-scale topographies (lateral dimension greater than approx. 10-20
km) in the MCMC ensembles are very similar. Hence, if the large-scale topography is the great-
est factor in determining the differences between the results using the MCMC ensembles and the
other topographies, then increasing the MCMC ensemble size is unlikely to change our results.
If, by contrast, finer scale topography dominates the differences, as found in other studies (e.g.
[1]), then it is quite likely that our result of systematic differences between the MCMC ensem-
ble members and the other topographies is robust, given the relative lack of fine-scale variation
in the BedMachine, Bedmap3 and SMUG topographies, and that we expect the differences be-
tween the MCMC ensemble members and the other topographies to be larger than the differences
within the MCMC ensemble members. Overall, this emphasizes the important role of fine-scale
bed variability introduced through preserving texture.

The systematic differences between the sea-level projections for the different bed topographies
broadly hold for both SSP5-8.5 and RCP2.6 emission scenarios. Two notable differences arise be-
tween the results from these emission scenarios. First, there is a greater spread (approximately
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a factor of 2) in the 2300 CE sea-level rise projections in the RCP2.6 scenario compared with the
SSP5-8.5 scenario. We attribute this to a lower magnitude ocean thermal forcing in the RCP2.6 sce-
nario that leads to lower absolute rates of mass loss compared with the SSP5-8.5 scenario (figure
3). Second, the BedMachine projection of sea-level rise is within the spread of the MCMC and
MCMC + SGS ensemble in the RCP2.6 scenario, in contrast to the SMUG and Bedmap3 projec-
tions. This reflects generally lower absolute rates of mass loss using the BedMachine than using
SMUG and Bedmap3 bed topographies in the first approximately 175 years, although the Bed-
Machine dM/dt time series more closely matches the SMUG and Bedmap3 time series than those
that use the MCMC and MCMC + SGS beds. By approximately 2200 CE, the absolute mass loss
rates in BedMachine increase in magnitude more substantially than the MCMC and MCMC +
SGS simulations, and the sea-level rise increases at a faster rate (although we note that the cu-
mulative sea-level rise at 2300 CE in BedMachine is more consistent with the MCMC ensemble
members under both RCP2.6 and SSP5-8.5 scenarios, reflecting the lower initial mass loss using
the BedMachine topography; electronic supplementary material, figure S4). We expect that if we
had continued the forcing beyond 2300 CE, we would eventually see that the BedMachine, SMUG
and Bedmap3 bed topographies produce higher sea-level rise than the MCMC and MCMC + SGS
scenarios, and a similar systematic difference between bed topographies generated using the two
different methodologies (i.e. texture versus elevation preserving).

The SMUG, Bedmap3 and MCMC datasets of bed topography over the grounded ice sheet—
relevant to our simulations of grounding line retreat to 2300 CE—were all generated using the
same underlying input data (i.e. [29]). Although BedMachine v. 3 does not include the updates
from [29], the limited additional data from new surveys in the Aurora Subglacial Basin are un-
likely to substantially change the BedMachine bed topography for this region. Furthermore, the
differences between the BedMachine and MCMC beds are not systematically larger than the dif-
ferences between either the Bedmap3 or SMUG beds and the MCMC beds, which strengthens our
confidence that the systematic differences in the MCMC-derived sea-level estimates are not due
to discrepancies in input bed topography data. Rather, the differences may stem from differences
in the structural and statistical approaches used to generate the MCMC ensemble compared with
the other datasets, including, e.g. the ‘roughness’ of the MCMC beds compared with the other
beds and the effect of the texture on the simulated buttressing. The relatively small size of the
MCMC bed ensemble means it may not fully capture the broader uncertainty space associated
with that method, and further bed realizations may be needed to assess whether the observed
differences are representative or a result of a too-small sample size. Our preliminary findings
suggest that methodological choices—such as how bed topography variability and uncertainty
are represented, even if the differences are localized —can have a significant impact on derived
sea-level estimates. This highlights the importance of using bed ensembles and how the design
objectives for generating bed topographies may influence the kinds of questions they can be used
to address.

(c) Looking forward: constraining properties and processes at the ice—bed interface

In this study, we focused on the sensitivity of projected sea-level rise to variations in bed topog-
raphy and friction coefficient. When the basal friction coefficient was optimized individually for
each bed topography, differences in projected SLR to 2300 CE were smaller (maximum difference
of 11% at 2300 CE under the SSP5-8.5 scenario and 32% for RCP2.6). However, a larger spread
(up to 23% at 2300 CE under the SSP5-8.5 scenario and 51% for RCP2.6) emerged when a con-
stant friction coefficient was imposed across all ensemble members, with particularly divergent
sea-level contributions over time (see also the electronic supplementary material, figure S4). This
result is expected, given that the non-optimized basal friction fields were inconsistent with all
but the BedMachine ice sheet initial state (e.g. geometry, velocities), which can shock the sys-
tem into a more rapid onset of retreat. That is, the power of data assimilation approaches, like
the inverse method employed here, is that they optimize the friction coefficient for the particular
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model fields—the surface velocity and ice geometry —and hence better capture the ice sheet state
at a snapshot in time [118]. Recent developments have incorporated transient data assimilation
so that trends (e.g. in ice thickness) are also accurately represented [119] on decadal timescales.
However, inverse methods achieve that at the potential risk of overfitting [120,121], such that rela-
tively small differences in the friction coefficient arising from inconsistencies between input fields
can lead to relatively large differences in sea-level rise, as we found here. Indeed, the median of
the maximum percentage difference between the BedMachine friction coefficient and each of the
17 other optimized friction coefficient fields is 1.34% (minimum 0.95%; maximum 8.09%). The ef-
fects of this, and of prescribing temporally constant basal friction coefficients, on the long-term
evolution of the ice sheet remain open questions. It follows that understanding the processes that
influence basal friction and how they are represented in ice sheet models is essential for devel-
oping physically informed parametrizations that complement and strengthen data assimilation
approaches. Here, we discuss a number of properties and processes at the ice-bed interface that
are relevant to consider in improving the representation of basal friction.

Basal friction is influenced by several related factors, including: (i) bed topography, which
influences form drag directly as ice flows over topography, and skin drag indirectly through
modulation of the subglacial hydrology and local frictional forces (e.g. [122]); (ii) geological sub-
strate, which influences the relative contributions of hard-bedded sliding versus bed deformation
[106,121,123]; (iii) subglacial hydrology, particularly the presence of an inefficient/distributed
drainage system, which strongly controls the effective pressure at the bed [19-21]; and (iv) heat
sources at the bed, including geothermal, frictional and deformational heating, which together
influence basal meltwater production [124] and the temperature, and hence viscosity, of the basal
ice [17,18]. The above factors are strongly interdependent and are modulated by the bed topogra-
phy, through its influence on drag, and both frictional and deformational heat production at the
ice base. For example, bed roughness can lead to the formation of basal temperate layers through
increases in local shear deformation relative to a smoother realization of the bed, with implica-
tions for the balance between ice flow processes [14]. Topography further affects the direction
and concentration of geothermal heat flow to the basal ice layers: depending on the shape and
thermal conductivity of the subglacial material, geothermal heat can funnel heat into valleys and
depressions where thermal gradients and conductivity are highest or to ridges where the ice has
lower thermal conductivity [28,125].

Topography and the permeability of the bed substrate also control the nature of the subglacial
hydrological system. Rough topography promotes variable water flow pathways [42], influenc-
ing basal sliding and the redistribution of heat by basal water [126]. Topographic depressions can
act as thermal water reservoirs, where latent heat exchange through freeze-melt cycles regulates
basal temperatures [127]. The geological substrate also influences whether efficient or inefficient
drainage systems are supported, which, in turn, shapes the basal friction and flow regime, and
the relative contributions of sliding versus deformational flow [16].

These coupled processes feed back into sea-level projections via their influence on grounding
line dynamics. Several ice sheet modelling studies have investigated the effects of some of these
feedbacks (including e.g. [22,23]), and some ice sheet models explicitly parametrize processes in
the till (e.g. [128]). However, work still remains to better understand interactions between ice
thermo-mechanical, subglacial hydrological and geological systems, the timescales over which
they are relevant and how they can be better represented in ice sheet models.

6. Conclusion

This study examined the utility of bed topographies generated with different objectives—namely,
elevation- versus texture-preserving beds—and corresponding differences in basal friction co-
efficients, on ice sheet model simulations of sea-level rise in the Aurora Subglacial Basin, East
Antarctica. While we identified systematic differences between the sea levels predicted using bed
realizations generated to preserve elevation versus texture, the relatively small size of the MCMC
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ensemble limits our ability to explore the full plausible sea-level range for the texture-preserving
beds. Expanding MCMC ensembles will be needed to fully characterize uncertainties and un-
derstand the implications of differing objectives for synthetic bed topography generation. Our
results point to the importance of constraining realism in bed topography datasets and the value
of targeted surveys focused on regions directly upstream of marine grounding lines, where bed
uncertainty has the greatest impact on ice sheet-driven sea-level rise. Finally, our simulations
highlight the critical role of the basal friction coefficient in shaping ice sheet evolution, whereby
small, localized variations in the basal friction field can lead to large differences in the timing of
grounding line retreat and ultimate sea-level contributions. Given that the basal friction fields
we generated were optimized for ice sheet geometry at a particular snapshot in time, this has
implications for the applicability of such fields for long-term ice sheet projections. We advocate
for the development of process-based representations of basal friction for ice sheet modelling,
which capture relevant ice-bed properties and transient processes realistically and ideally at low
computational cost.

Data accessibility. Scalar outputs derived from two-dimensional ice sheet modelling fields, bed topog-
raphy datasets and the routines used for data analysis and figure generation are available at Zen-
0d0:10.5281/zenodo.17176762. We use v. 4.24 of the open-source ISSM software, which is freely available for
download from https://github.com/ISSMteam/ISSM. The datasets used to initialize the model are available
via the corresponding articles cited in this paper.

Supplementary material is available online [129].
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