
1.  Introduction
The Antarctic ice sheet is one of the major sources of global sea level rise and is currently losing mass at a rate 
of 0.5–0.6 mm global mean Sea Level Equivalent per year (mm SLE a −1), predominantly in the Amundsen Sea 
Embayment (ASE) area of the West Antarctic Ice Sheet (WAIS) (Bamber et al., 2018; Shepherd et al., 2018). 
The future response of the Antarctic ice sheet to a changing climate is one of the least well understood aspects of 
climate predictions (Oppenheimer et al., 2019).

Changes in the Antarctic ice sheet mass balance are largely governed by changes in the Surface Mass Balance 
(SMB) and ocean forcing via dynamical processes such as changing buttressing from ice shelves. Ice shelves, the 
floating extensions of grounded ice streams, can be weakened by elevated ocean or atmospheric temperatures and 
subsequent melt or collapse. Buttressing ice shelves have a stabilizing effect on the ice sheet with the potential to 
suppress or delay Marine Ice Sheet Instability (MISI) (Joughin & Alley, 2011; Schoof, 2007). MISI can occur at 
ice sheets on retrograde topographies below sea level. Here a retreat of the Grounding Line (GL), the transition 
from grounded to floating ice, corresponds to a migration below thicker ice. For idealized conditions the mass 
flux across the GL increases rapidly with the ice thickness above it (Schoof, 2007). This additional mass loss can 
lead to an imbalance of the system causing a thinning of the ice upstream, which facilitates further GL retreat 
below even thicker ice. Large areas of the WAIS, including the ASE, lie on such retrograde topography (Fretwell 
et al., 2013). Pine Island Glacier (PIG), one of two major glacial systems of the ASE, has a large drainage basin 
and shares an ice divide with the Ronne-Filchner ice shelf drainage basin, so that a sustained thinning of PIG 
could ultimately influence most of the WAIS.

Abstract  The predicted Antarctic contribution to global-mean sea-level rise is one of the most uncertain 
among all major sources. Partly this is because of instability mechanisms of the ice flow over deep basins. 
Errors in bedrock topography can substantially impact the projected resilience of glaciers against such 
instabilities. Here we analyze the Pine Island Glacier topography to derive a statistical model representation. 
Our model allows for inhomogeneous and spatially dependent uncertainties and avoids unnecessary smoothing 
from spatial averaging or interpolation. A set of topography realizations is generated representing our best 
estimate of the topographic uncertainty in ice sheet model simulations. The bedrock uncertainty alone creates 
a 5%–25% uncertainty in the predicted sea level rise contribution at year 2100, depending on friction law 
and climate forcing. Pine Island Glacier simulations on this new set are consistent with simulations on the 
BedMachine reference topography but diverge from Bedmap2 simulations.

Plain Language Summary  We investigate the impact of uncertainties in the elevation of the 
bedrock underneath the ice of a particularly vulnerable glacier in Antarctica. We propose a new approach 
to better estimate how much future projections depend on knowledge of bedrock elevation. The main focus 
of this study is to represent the current understanding of the bedrock elevation as closely as possible so that 
our simulations accurately reflect the extent of our knowledge of the future glacier behavior. In summary, we 
find that the mass of ice lost in simulations for year 2100, which contributes to the global mean sea level, can 
be affected by up to 25%. This highlights the value of closely-spaced bedrock measurement and of careful 
consideration of related uncertainties in ice-sheet simulations.
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In the satellite record the ASE shows significant rates of thinning (Mouginot et al., 2014; Rignot et al., 2008; 
Shepherd et al., 2018), which have been linked to warm Circumpolar Deep Water entering the continental shelf 
(Dutrieux et al., 2014; Naughten et al., 2018; Rignot et al., 2014). Additional oceanic heat transport to the conti-
nent causes enhanced ocean melt which can thin and weaken the buttressing ice shelves. This might have caused a 
GL retreat and triggered Marine Ice Sheet Instability in the ASE at present (Alley et al., 2015; Favier et al., 2014; 
Joughin et al., 2014). Bamber and Dawson (2020) find a recent reduction of rates of mass loss from PIG even 
though it has maintained a negative mass balance and elevated flow speeds. This behavior could be related 
to lower ocean temperatures in 2012–2013 compared with the 2000s (Milillo et al., 2017). In summary, PIG 
currently loses mass, shows strong sensitivity to ocean conditions and is situated on a bedrock topography which 
makes it vulnerable to instability.

Predictions of the dynamic ice sheet response are challenging because of poorly observed local ice properties and 
the bedrock underneath, including the bedrock elevation, which suffer from measurement and spatial interpola-
tion errors. As described, MISI depends on the local topography; a regional sill along the GL can create a stable 
resting point for an otherwise unstable ice stream. This kind of topographic feature can be concealed even if the 
large-scale geometry is well represented, for example, due to insufficient sampling density (Durand et al., 2011).

Several studies highlight the importance of the bedrock topography. Zhao et al. (2018) show that it influences the 
model inversion for basal traction coefficients. The impact of these results on forward simulations is, however, 
not investigated. The differences between Bedmap2 and its predecessor Bedmap1 can exceed the uncertainty 
in Antarctic Sea level rise contribution from surface accumulation, melt rate, basal friction and ice viscosity 
combined (Schlegel et al., 2018). Consistent findings are reported by Nias et al. (2016) and Nias et al. (2018). In 
order to investigate the impact of the topography uncertainty, random noise is imposed repeatedly on a reference 
topography in Sun et al. (2014) and Gasson et al. (2015). In 3000-year ice sheet simulations of the mid-Pliocene 
the sea level contribution can vary by more than 5 m global SLE (from 12.6 to 17.9 m SLE) (Gasson et al., 2015). 
Sun et al. (2014) show with a similar approach that the sensitivity of modern ice sheet simulations to topographic 
uncertainty is much stronger for a longer correlation length (50 km) than for shorter values (5–10 km). This is 
despite equal noise amplitude and power spectral density which means that uncorrelated errors in the bedrock 
topography (e.g., from radar measurement noise) are less of a concern for ice sheet simulations than spatially 
correlated errors (e.g., from interpolation over large distances). Sun et al. (2014) also note that a topographic 
ridge near the PIG GL has a strong impact on the GL retreat if lowered or raised by only tens of meters but do 
not assess whether these kinds of larger spatial-scale errors in the topography are likely. Furthermore, the noise 
amplitude is solely based on the Bedmap2 uncertainty estimate so that the measurement locations are not directly 
taken into account.

We here move beyond randomised sensitivity studies to generate a statistical description of the current obser-
vational knowledge of the bedrock topography, creating an ensemble of representative topographies that are all 
consistent with these observations. We apply the ensemble to idealized but plausible forcing scenarios to quan-
tify the uncertainty in sea level rise contribution predictions, arising from observational uncertainties in the PIG 
topography.

We introduce the airborne radar measurements used here and analyze the geostatistical properties in Section 2. 
Based on this we set up simulations of the ice sheet model BISICLES in Section 3. This includes the statistical 
generation of a set of bedrock topographies which are in agreement with observational constraints while aiming 
to fully represent their uncertainties. Section 3 further describes the initialization and parameter inversion of the 
ice sheet model BISICLES, followed by a description of three friction laws and two climate forcings for the PIG 
simulations. Results are presented in Section 4 with focus on the sea level rise contribution uncertainty. Finally 
we discuss how bedrock uncertainty translates into predictive uncertainty in Section 5.

2.  Data and Methods
We summarize our knowledge of the real bedrock in a multivariate random variable which is approximated by a 
Gaussian Process (GP). This statistical model can sample spatial fields of bedrock topography with local uncer-
tainties and spatial covariance structure to represent measurement and interpolation uncertainties. To define a GP 
model, training data and covariance function parameters are required (Rasmussen & Williams, 2006). Ungridded 
airborne radar measurements are analyzed to estimate the statistical characteristics of the bedrock topography 
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observations. This provides us with the required GP model covariance function parameters. We train the GP to 
match observed values, given the observational uncertainty, and draw random samples to make the handling of 
topography uncertainty feasible for the ice sheet model BISICLES.

The airborne Radar Echo Sounding (RES) data set used here is a union of two different collections, namely the 
one described in Holt, Blankenship, Morse et al. (2006), and Operation Ice Bridge IRMCR2 Level-2 data from 
October 2009 to December 2017 (Paden et al., 2010). This combined collection consists of about 2.3 million 
ungridded radar measurements from the grounded PIG catchment area, as defined in Mouginot et  al.  (2017) 
based on Rignot et al. (2013). About 1.5% of these measurements are removed here by manual inspection due 
to inconsistencies (Text S1 and Figure S1 in Supporting Information S1). For training the statistical model the 
RES data set is sub-sampled for computational reasons. This is done by imposing a 2 × 2 km grid onto the region 
and randomly selecting one measurement from each box from the combined measurement collection (giving 
about 25,000 measurements in total). This ensures a good spatial coverage while avoiding smoothing effects 
from averaging. The covariance function is derived from semivariograms on fully random subsets of 100,000 
measurements without restriction on the proximity of sample points. Exponential functions are fitted to the 
semi-variance on scales of 25–50 km to derive the uncorrelated uncertainty 𝐴𝐴
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 to describe the spatial correlation characteristics. The uncorrelated uncertainty 
is an estimate of the uncertainty of two measurements at the same location and represents the measurement uncer-
tainty, including uncertainties from sub-resolution variability, while a larger correlation length of the topography 
simplifies any interpolation and reduces the corresponding uncertainty. The far-field semivariance describes 
the amplitude of variations in the topography field. These exponential fits accurately capture the semi-variance 
(Figure S2 in Supporting Information S1) which motivates our use of an exponential covariance function cE for 
the GP, defined as:
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where COV (xi.xj) is the covariance in the bedrock topography at the locations xi and xj, r is the physical distance 
between the locations xi and xj and δij is the Kronecker delta which is one if i = j and zero otherwise. The rand-
omized sub-sampling for deriving the covariance parameters and the training data is repeated to capture the 
impact on the final simulations. See Text S2 in Supporting Information S1 for more information.

We generate random two-dimensional sample fields which adhere to the full spatial covariance matrix and the 
local observational uncertainties, as illustrated in Figure 1a. The topographic uncertainty increases with distance 
to the closest measurement (flight line) and is often above 50 m (one standard deviation), even in regions with 
close sampling.

The computational demand of sampling from a GP scales with the number of evaluated grid cells n by 
(

�3
)

 , 
which imposes a limit on this number. We use the Python GPy module to draw 12 samples on a 4 × 4 km grid 
in the PIG catchment area. The statistically generated bedrock topographies within the grounded PIG catchment 
area are solely based on RES measurements and statistical modeling. However, we use Bedmap2 topography and 
ice thickness outside of the grounded catchment area, brought to the same resolution by averaging. This includes 
all locations of the Bedmap2 ice shelf mask.

The ice surface elevation is considered well known and the ice thickness is adjusted for all statistically generated 
topographies to match the Bedmap2 surface elevation. The resulting 12 topographies are accompanied by the 
Bedmap2 (Fretwell et al., 2013) and BedMachine (Morlighem, 2019; Morlighem et al., 2020) reference topogra-
phies with the same resolution.

3.  Simulations
We use all combinations of the 14 topographies described above with three friction laws and two climate forc-
ings, resulting in a total of 84 simulations. The simulations are performed by the ice sheet model BISICLES 
(Cornford et al., 2013, 2015), which is a finite-volume model with vertically integrated stress approximations. 
BISICLES combines the L1L2 approximation (Schoof & Hindmarsh, 2010) with an adaptive mesh refinement 
which allows for fine spatial resolutions near the GL and in fast flowing ice streams, and lower resolutions where 
the flow is slower and more homogeneous. The finest resolution used here is 500 m. The BISICLES inverse 
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model framework (Cornford et al., 2015, Appendix B1) is used with a compilation of satellite based ice surface 
velocities from Rignot et al. (2017); Rignot et al. (2011) to find basal traction coefficient and effective viscosity 
fields for each individual topography (Text S3 in Supporting Information S1). The basal traction coefficient, 
effective viscosity and topography fields do not evolve over time. Figure 1b illustrates the initial velocity field of 
the main PIG trunk.

The Weertman friction law is:

𝜏𝜏𝑏𝑏 = 𝐶𝐶𝑚𝑚 ⋅ |𝑢𝑢𝑏𝑏|
𝑚𝑚−1

⋅ 𝑢𝑢𝑏𝑏�

with τb being the basal stress tangential to the base of the ice, Cm is the spatially varying basal traction coefficient 
for a given friction law exponent m and ub is the basal ice velocity. We use m = 1 for linear friction, m = 1/3 for 
nonlinear friction and m = 1/8 for strongly nonlinear friction (called plastic friction in the following, see also 
Joughin et al. (2019)). Ice flow outside of the PIG catchment area is suppressed for numerical stability.

Figure 1.  (a) One standard deviation of trained Gaussian process which increases with distance from measurements (flight 
lines) and (b) Initial Pine Island Glacier (PIG) ice velocity direction (arrows) and speed (colors), for the main trunk (left half 
of panel a) of PIG flow including the approximate central flow line (red and brown).
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3.1.  Climate Forcing

We use two different climate forcings with changing ocean melt and SMB. These two forcings are intended to 
encompass the range of likely climate scenarios:

1.	 �The low forcing uses an RCP2.6 SMB and constant-in-time ocean melt rates
2.	 �The high forcing uses an RCP8.5 SMB and linearly increasing ocean melt, starting at the low forcing rates 

and adding 200% by the end of the 100-year model simulations

As SMB we use yearly output directly from NorESM1-M, a CMIP5 atmosphere-ocean coupled global climate 
model (Bentsen et al., 2013). Of the three models selected in Barthel et al. (2020) for the ice sheet model inter-
comparison project ISMIP6 (Seroussi et al., 2020), NorESM1-M has the highest rank in the CMIP5 cross-model 
performance analysis by Agosta et al. (2015). The simulations show below median atmospheric warming and 
relatively strong 21st century ocean warming compared with the multi-model ensemble (Barthel et al., 2020). The 
ocean melt at the beginning of the simulations is based on temperature and salinity profiles corresponding to the 
Warm0 setup in Favier et al. (2019) which is based on oceanographic measurements from Dutrieux et al. (2014). 
We use an ocean melt parameterization with a quadratic dependence on the local ocean temperature above freez-
ing, as defined in Favier et al. (2019) as Mquad. The squared dependency represents a positive feedback between 
sub-shelf melting and the circulation in the cavity and this parameterization reproduces results from coupled 
ocean-ice sheet model simulations relatively well (Favier et al., 2019).

Predictions of future ocean melt forcing are highly uncertain, but cannot be ignored for century-scale model simu-
lations. The two forcings used here are designed to represent reasonable low and high melt scenarios without being 
bound to specific climate projections. Naughten et al. (2018) analyze and select CMIP5 model output as forcing 
for the regional ocean model FESOM. The ocean model predicts a year 2100 ASE ocean melt increase of about 
200% (multi-model mean) to 300% (ACCESS-1.0) for RCP8.5. However, the warming should be seen largely as 
reversal of a known model bias which makes it very likely that the increase in melt is overestimated (Naughten 
et al., 2018). This overestimation might be up to about 150% in melt increase (Wernecke, 2020, Section 5.2.3). 
We select an increase of 200% in 100 years as a best guess upper-end melt representation. It cannot be ruled 
out that current ocean conditions are a positive anomaly caused by internal variability. Climate projections of 
ice shelf ocean melt rates for the ASE often show positive trends (Alevropoulos-Borrill et al., 2020; Jourdain 
et al., 2020; Naughten et al., 2018), but some projections show temporarily negative ocean temperature anomalies 
compared to the early 2000s (Alevropoulos-Borrill et al., 2020; Jourdain et al., 2020). We apply a constant ocean 
melt forcing, consistent with recent past rates, as reasonable lower-end forcing.

4.  Results
4.1.  Simulations

In the first years we see high-amplitude small spatial-scale rates of ice thickness change which diminish over time. 
This is an adjustment of the model to a self-consistent state. In retrospect we should have implemented a spin-up 
period in the simulations with a constant forcing before the forced projections start. Instead our simulations 
start with forcing, including SMB corresponding to year 2000 AD. After 15 years of simulation, corresponding 
to 2015 AD, the initial model adjustment becomes negligible (Text S4 and Figures S3 and S4 in Supporting 
Information S1), hence we choose to make all following calculations relative to the state in 2015. In this way the 
impact of initial adjustments on the results is minimized.

The ice geometry and flow speed along the downstream sector of the central PIG flow line (B to D in Figure 1b) 
is illustrated for plastic friction in Figure 2. The statistically generated topographies (right) show more variability 
than Bedmap2 and BedMachine (left). For low forcing the glacier thins slightly without much change of the GL 
position. At the same time the ice speed reduces, in particular in the fast-flowing ice shelf. A partial slowdown of 
the PIG is also predicted for the flow line model simulations in Gladstone et al. (2012) and is found in the opti-
mized (central) simulations from Nias et al. (2016) for all combinations of bedrock and friction law (not shown).

For the high forcing scenario we see very different pictures for BedMachine and Bedmap2 geometries: For 
BedMachine the ice near its GL accelerates over the 85 years projection period from less than 4,000 m a −1 to 
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more than 5,000 m a −1. The speed-up extends more than 150 km upstream (red lines in Figure 2). For Bedmap2 
the high forcing scenario does not show noteworthy acceleration or thinning.

The flow line characteristics of two topographies generated here are shown on the right of Figure 2. Simulations 
with statistically generated topographies share the same features of those using BedMachine: Little changes to the 
ice geometry with some slowdown of the ice for low forcing, and pronounced thinning with significant retreat of 
their GLs and accelerating ice for high forcing.

4.2.  Sea Level Rise Contribution

The ensemble behavior can be categorized into two states, a steadily evolving state with approximately constant 
rates of mass loss (about 0.1 mm SLE a −1) and an unstable state with mass losses up to six times higher (Figure 3, 
top). The timing of an ensemble member to become unstable depends strongly on the topography and forcing: 
most high melt simulation become unstable between 2055 and 2075. This timing seems not to depend on the 
friction law (Figure 3, top right). Low melt ensemble members remain in the steadily evolving state without 
exception.

The main effect of the friction law is an increase in the rate of mass loss in the unstable state with higher rates for 
more non-linear friction laws (Figure 3, middle). For low forcing the relationship is reversed, more linear friction 
leads to larger sea level contributions. This can be traced back to the slowdown of the ice as shown in Figure 2. 
Highly nonlinear friction laws facilitate decelerating ice to slow down even more and accelerating ice to speed up 
more than linear counterparts. This also explains why the predictive uncertainty due to the bedrock uncertainty 
strongly increases with non-linearity of the friction law and with stronger forcing. The standard deviation (STD) 
of the net sea level contribution over the 85 years increases with non-linearity (Table 1) which is consistent with 
the literature (Nias et al., 2016). The STD values range from 0.31 mm SLE for low forcing and linear friction to 

Figure 2.  Profiles along Pine Island Glacier flow line from location B to D in Figure 1, relative to the BedMachine grounding line with BedMachine (top left) and 
Bedmap2 (bottom left) and two statistically generated topographies (right). Shown are the bedrock underneath the ice (black), surface and basal ice boundaries (gray) 
and the ice speed (red) after 15 years of simulation (used as baseline; solid lines) and at the end of the 100-year simulations with high (dotted) and low (dashed) forcing, 
all using the plastic friction law. The orange line highlights a location where Bedmap2 lies above all statistically generated topographies and BedMachine.



Geophysical Research Letters

WERNECKE ET AL.

10.1029/2021GL096589

7 of 10

5.15 mm SLE for high forcing and plastic friction which corresponds to about 5%–25% of total sea level contri-
bution (Figure 3 middle and Table 1).

All simulations shown here agree regarding the total sea level contribution for the low forcing scenario. However, 
with high forcing Bedmap2 runs are not consistent with the behavior of simulations based on topographies 
generated here or BedMachine. For Bedmap2 simulations sea level rise contributions remain in the more stable, 

Figure 3.  Net sea level contribution (left) and yearly rate (right). Individual simulations (top), grouped by friction law and forcing (middle) and grouped only by 
forcing including Bedmap2 (bottom). Shades correspond to ± one standard deviation.
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steadily evolving state regardless of forcing and friction law (Figure  3 
bottom).

5.  Discussion
The nonlinear response of PIG to strong forcing materializing in two distinct 
states is consistent with literature (Durand et al., 2011; Nias et al., 2018; Sun 
et al., 2014) and is in general agreement with the MISI hypothesis. None of 
these studies is designed to fully represent the current observational uncer-
tainty in bedrock topography. Marine ice-cliff instability is not represented 

here but cannot be ruled out on these timescales. More research is needed to robustly represent marine ice-cliff 
instability in a well constrained way to predict how strong its impact would be on our simulations (Edwards 
et al., 2019).

Bedmap2 PIG simulations show less sensitivity to strong climate forcing than the statistically generated topog-
raphies and BedMachine but it is unclear what aspect of the topographies cause this response in the simulations: 
BedMachine uses a mass conservation approach where topographies are relaxed to avoid large mass flux diver-
gence from inconsistent ice geometry-velocity combinations. Nias et al. (2018) supports our results in finding 
that a topography generated by a similar process to BedMachine exhibits a step change in mass loss which does 
not appear in Bedmap2 simulations. However, the topographies generated here, in common with Bedmap2, do 
not enforce a mass-conservation condition, share a topographic high near the Bedmap2 GL and use the same 
surface geometry. The fact that BedMachine does not share these characteristics, nor the same initial grounding 
line location, makes it even more remarkable that simulations using BedMachine and topographies generated 
here show consistent sea level rise contributions for both forcings. Our topographies show considerably more 
spatial variability in the topography than the relatively smooth Bedmap2 and BedMachine.

There are sporadic locations, including one about 20 km upstream of the BedMachine GL, where Bedmap2 topog-
raphy is higher than all statistically generated topography and BedMachine (location highlighted in Figure 2, 
Figure S5 and Figure S6 in Supporting Information S1). Especially since this location is a local topographic low 
(Figure 2) it is not clear whether it can explain the unique behavior of Bedmap2 (see also Text S5 in Supporting 
Information S1). It is therefore unclear whether this behavior is unique to PIG but we have been able to show 
that ice sheet simulations can generally be very sensitive to the bedrock topography. Whatever the exact reason, 
the striking underestimation of PIG mass loss for Bedmap2 simulations and high forcing relative to the other 
topographies (Figure 3, bottom), calls for caution in interpreting modeling projections of grounding line retreat 
obtained with this topography.

A limitation of our simulations is the resolution of statistically generated topographies of 4 × 4 km (which is 
interpolated up to 500 m resolution within the adaptive grid refinement of BISICLES). The reason is the rela-
tively high computational demand of a Cholesky decomposition which is used to generate random samples from 
a large covariance matrix. Evaluations of the mean field (“best estimate”) would have been possible on fine 
resolutions, but would not have covered all of the uncertainties. The statistically generated topographies contain 
much more variability than both reference topographies and finer resolutions would, if anything, amplify this 
property. Nevertheless, simulations using Bedmap2 topography at 1 km resolution behave very similarly to those 
with degraded 4 km resolution (not shown).

To represent bedrock uncertainty in future simulations it would be desirable to have a set of topographies similar 
to the ones generated here but for more general setups, ideally continent-wide. This would allow different mode-
ling groups to represent topographic uncertainty in predictions while retaining comparability. Similar approaches 
could be used to assess the value of additional measurements, for example, for planning future campaigns.

In conclusion, we have been able to couple the representation of the topographic uncertainty in ice sheet simula-
tions closely to observational constraints and demonstrate how this uncertainty interacts with other model param-
eters. The predictive uncertainty increases with non-linearity of the friction law and with higher melt forcing. One 
standard deviation can contribute between 5% and about 25% (equivalent to 5 mm SLE) of the 85-year signal, 
solely due to uncertainties in topography measurements and interpolation. These predictive uncertainties have 
been known to exist but until now remained largely omitted and unquantified. The low forcing scenario, which 

Friction law: Linear Nonlinear Plastic

High forcing: 11.3 ± 2.08 15.5 ± 3.86 19.4 ± 5.15

Low forcing: 6.7 ± 0.31 5.6 ± 0.62 4.7 ± 0.87

Table 1 
Mean 2100 Sea Level Contribution Estimates (Relative to 2015) With One 
Standard Deviation of the Statistically Generated Bedrock Ensemble (Both 
in mm SLE)
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is more likely to be realized in very low greenhouse gas emission scenarios, would limit the PIG contribution to 
global mean sea level in this century. In addition we find the use of Bedmap2 to be likely to lead to an underesti-
mation of the dynamic response of PIG to high forcing scenarios compared to the use of topographies designed 
explicitly to span the range of uncertainty which all suggest higher rates of mass loss.

Data Availability Statement
The simulations and bedrock topographies generated here are in public archive at Wernecke et al. (2021a),Wer-
necke et al. (2021b) and Wernecke et al. (2021c) (linear, nonlinear and plastic friction, respectively). Radio echo 
sounding data is available from Paden et al. (2010) and Holt, Blankenship, Corr et al. (2006). The Python code 
for the statistical modeling of the representative topographies can be found at Wernecke (2021).
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