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Abstract. Ground Penetrating Radar (GPR) is widely used for determining mountain glacier thickness. However, this method

provides thickness data only along the acquisition lines and therefore interpolation has to be made between them. Depending

on the interpolation strategy, calculated ice volumes can differ and can lack an accurate error estimation. Furthermore, glacial

basal topography is often characterized by complex geomorphological features, which can be hard to reproduce using classical

interpolation methods, especially when the field data are sparse or when the morphological features are too complex. This5

study investigates the applicability of multiple-point statistics (MPS) simulations to interpolate glacier bedrock topography

using GPR measurements. In 2018, a dense GPR data set was acquired on the Tsanfleuron Glacier (Switzerland). These data

were used as the source for a bedrock interpolation. The results obtained with the direct sampling MPS method are compared

against those obtained with kriging and sequential Gaussian simulations (SGS) on both a synthetic data set – with known

reference volume and bedrock topography – and the real data underlying the Tsanfleuron Glacier. Using the MPS modelled10

bedrock, the ice volume for the Scex Rouge and Tsanfleuron Glacier
:::::::
Glaciers

:
is estimated to be 113.9 ± 1.6 Miom3. The

direct sampling approach, unlike the SGS and kriging, allowed not only an accurate volume estimation but also the generation

of a set of realistic bedrock simulations. The complex karstic geomorphological features are reproduced, and can be used to

significantly improve for example the precision of subglacial flow estimation.

Copyright statement.15

1 Introduction

It is widely accepted that global climatic changes are impacting future precipitation rates and temperatures. In Switzerland,

these changes will inevitably induce new stresses on alpine environments and on glaciers’
:::::
glacier

:
mass balance (e.g. Haeberli

et al., 2007; Beniston, 2012; Huss and Fischer, 2016). In this context, the monitoring of glacier’s thickness and volume is
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crucial in order to predict the rate of their melting
::::
their

::::
melt

::::
rate

:
and the possible consequences on both water resources,20

sediment production, and slope stabilization.

Ice volume estimation relies on two components : (1) the surface topography of the glacier and (2) the underlying bedrock

topography. The first one is easily measurable using either LIDAR (e.g. Haugerud et al., 2003), satellite measures (e.g. Berthier

et al., 2014) or uncrewed aerial vehicle (e.g. Chudley et al., 2019). However, the variations in basal topography are difficult to

measure, due to the impossibility of reaching it easily with direct measurements. Ground Penetrating Radar (GPR) is widely25

used for determining the thickness of ice masses (Flowers and Clarke, 1999; Plewes and Hubbard, 2001; Bohleber et al., 2017).

The equipment has the advantage of being light and easy to use in a glacial environment. However, this method only provides

thickness data along the acquisition lines and therefore interpolation methods are needed to estimate the basal topography

:::::::
between

:::::
sparse

::::::
survey

::::
lines. Depending on the interpolation methods, the basal topography can change significantly and can

lead to a wide range of calculated ice volumes (e.g. Gabbi et al., 2012). Moreover, some of the methods generally used are30

unable to provide an accurate error estimation. Furthermore, if we are interested in the basal topography to simulate subglacial

water flow, for example, the choice of the method becomes critical since the subglacial water flow process is highly non-linearly

linked to the morphology of the subglacial topography.

One classical interpolation strategy used for basal estimation is the ordinary kriging method (e.g. Vanlooy et al., 2014).

This method provides fast and reliable interpolation of the data and returns the best linear unbiased estimator. The kriging35

estimation produces a smooth interpolation and does not represent the possible detailed morphology of the bedrock when it

is not constrained by sufficient data. Furthermore, even if kriging allows estimation of the local pointwise standard deviation

of the simulated value, here the elevation of the bedrock, it cannot be used to estimate the uncertainty of the global volume

of ice. The standard deviation of a non-linear process, estimated from a kriged variable, cannot be simply computed from the

kriging standard deviation map (see e.g. Chiles and Delfiner, 2012, p. 478). Stochastic simulations using Gaussian processes40

(SGS) have the opposite aim to represent the variability and spatial statistics of the simulated variable of interest, here the basal

topography (Goff et al., 2014). The simulations can be used for uncertainty estimation. A downside of these two methods is that

they are based on two-point spatial statistics, usually a variogram model. The variogram quantifies the spatial continuity of the

data. It shows how well two points at a given distance from each other are correlated. Different types of variogram models can

be fitted to the experimental data. These methods rely on the use of a multi-Gaussian random function model. This assumption45

implies then that the simulated fields belong to a given class of models and cannot succeed to simulate all possible complex

spatial patterns when the data are not sufficiently dense.

Other empirical methods using volume-area (V-A) relations are also used to calculate ice volume. These methods include

slope-dependent volume estimation, ice thickness distribution (e.g. Frey et al., 2014) or surface velocity estimation (e.g. Gan-

tayat et al., 2014). V-A estimation methods are based on the observation that larger glaciers tend to be thicker than smaller50

ones. These methods are easy and fast to apply. However, they generally lack spatial uncertainty analysis and can be very

sensitive to their parameterization processes. Their applications result in a single ice volume estimation, which does not allow

to capture the uncertainty of the model
:::
the

:::::::::
uncertainty

::
in

:::
the

::::::
model

::
to

::
be

::::::::
captured. Finally, they only produce an estimation of

the thickness of the glacier and cannot help to predict subglacial topography.
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Figure 1. Aerial image and Digital Elevation Model captured from Drone images of the Tsanfleuron Glacier, Switzerland.

In the last decades, new geostatistical methods have arisen with the aim to improve the realism of the simulation using an-55

other form of information that the one expressed by two points statistics and variogram interpretation. Multiple-point statistics

(MPS) simulation algorithms use a training image (TI) to infer the spatial statistics of the model and generate random fields

reproducing these spatial statistics. The TI represents a conceptual knowledge of the variable that is aimed to be simulated, it

:
.
:
It
:
can be created by experts or can be extracted from analog data sets. Unlike other geostatistical approaches, MPS does not

require the definition of an analytical two-point statistics model to represent the spatial variability but instead infers it implic-60

itly from the TI provided by the user (Journel and Zhang, 2006). MPS simulations benefit from this additional knowledge and

can also be constrained by the acquired data (the conditioning data). These methods allow the creation
::
of more realistic spatial

patterns than classical two-points geostatistical methods and can be used to represent the uncertainty by simulating a set of real-

izations. Some examples of application can be found in Oriani et al. (2014); de Carvalho et al. (2016); Dall’Alba et al. (2020)

:::::::::::::::
Oriani et al. (2014)

:
,
:::::::::::::::::::::
de Carvalho et al. (2016)

:::
and

:::::::::::::::::::
Dall’Alba et al. (2020). In recent studies, MPS has successfully been ap-65

plied to estimate subglacial topography from synthetic data (MacKie and Schroeder, 2020) and to evaluate the probability of

subglacial lakes (MacKie et al., 2020a).

The aims of this paper are both methodological and applied. Regarding the methodological aspect, this work aims to demon-

strate the use of the MPS method to combine information provided by GPR data points and Digital Elevation Model (DEM)

to simulate a realistic glacial basal topography. The benefits of using a MPS approach are highlighted by comparing its results70

with those obtained with more classical geostatistical methods. Using synthetic test cases, the different methods are compared

by calculating for each one an ice volume and a roughness estimation, which are then compared against the true synthetic

values. A set of scores are computed to compare the methods. Through this comparison process different parameter sets are

also tested for each methods. This methodological aspect helps to select the most suitable parameter sets and illustrate on a

synthetic case where the target topography is known. This highlights the advantages of the multiple-point simulation approach75
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for estimating glacier volume and its associated basal’s geomorphology. On the applied side, the objectives are to present new

field data and new estimations of the volume of the Tsanfleuron Glacier, roughly 10 years after the last detailed published

estimation (Gremaud and Goldscheider, 2010).

The Tsanfleuron Glacier and the Scex Rouge Glacier
::::::
Glaciers

:
(Fig. 1) are both located in the Diablerets Massif (Schoeneich

and Reynard, 2021) in Switzerland. They are connected to each other at the Tsanfleuron pass, but are located on two different80

faces : the main slope of the Scex Rouge Glacier is toward the north north-east
::::::::::::
north-northeast, while the Tsanfleuron slope

is toward the east. Tsanfleuron volume was estimated to be 100 Miom3 of ice in 2009 using radio-magneto-telluric data

and kriging of the ice thickness, with an uncertainty of ±10% and a maximum measured depth of 138 m (Gremaud and

Goldscheider, 2010). According to the measurements, the glacier is currently losing about
::::::
thinning

:::
by

:̃
1.5 m of thickness

per year (Gremaud and Goldscheider, 2010). A more recent publication, applied to all Swiss glaciers, proposed a volume for85

Tsanfleuron and Scex Rouge of respectively 200.02 and 8.12 Miom3 in 2016 (Grab et al., 2021). However, the uncertainty

on the GPR picking used in the particular case of Tsanfleuron is important, especially with thicknesses bigger than 60 m

according to a personal communication with one of the author
::::::
authors. Both glaciers lie on carbonate formations that are

heavily karstified. The glacier is one of the main feeders of the underlying karstic system. Tracers tests showed that this

network is a significant source of drinking water supply for the community of Conthey (Gremaud, 2008). Obtaining a better90

model of the basal topography is therefore a step toward improving the understanding of the remaining ice volume, the glacial

retreat behavior, and its impact on the regional groundwater system.

The core MPS technique used in this study is the direct sampling algorithm (Mariethoz et al., 2010) implemented in the

DeeSse code (Straubhaar, 2019). This implementation includes several improvements as compared to the original algorithm.

In particular DeeSse can account for multi-resolution structures in the data set (Straubhaar et al., 2020) and inequality data95

(Straubhaar and Renard, 2021).

In this paper, the exposed basal surface of the melted glacier zones is employed as a training image for the simulation of the

covered glacier basal topography. The justification for this modeling decision is that the lithology and general topographical

slope below the glacier and in the exposed area are similar, and therefor
:::::::
therefore

:
the geomorphological features should also

be similar. This idea is validated by the analysis of the area where the glacier retreated in the last dozen years, which exposed100

geomorphological structures similar to the older part. The GPR inferred depths are then used as conditioning points as well as

the topographical data around the glacier.

Since the exact topography below the glacier is unknown, to analyze and benchmark the performances of different inter-

polation methods, a numerical experiment was designed in which references can be compared to the simulation outputs. For

that purpose, the exposed part of the bedrock is also used (besides being used as TI) to compare the performances of the MPS,105

kriging, and sequential Gaussian simulation (SGS) approaches. 20 zones are extracted from the exposed DEM and sampled

to create fake GPR data sets. Using only the sampled data set, the topography in the test zones are interpolated using MPS,

SGS, and kriging and compared to the reference topography. The true volumes of the synthetic tests are defined as being the

space between the simulated topography and a flat surface representing the top of the ice sheet. The altitude of this ice sheet is

defined as being four meters above the maximum altitude of the simulation. The absolute volumes of the simulations are then110
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compared to this true volume, using the same ice sheet altitude. Moreover, an estimation ofpossible
::::::::::
hydrological �ow accu-

mulation is calculated on the simulated bedrocks and on the reference. The �ow accumulation map outline the link between

structures of the topography and the connectivity of the cells. In addition, differentparameters
::::::::
parameter sets are tested for each

method through this experiment. Finally, different scores are used to compare the methods. This numerical experiment helps

to understand and visualize the impact of each method on the simulated bedrock shape and volume estimation distribution.115

Lastly, the Tsan�euron and Scex Rouge bedrock's topography is interpolated using the previously tested methods and param-

eters sets. The simulatedbedrocksare
:::::::::
topography

::
is

:
also compared to recently uncovered bedrock, using a simple estimation of

�ow accumulation. A brief overview of the glacier volume distributions and theirevolutionthroughthepasttime
:::
past

::::::::
evolution

is �nally carried out using the calculated bedrock surfaces and different DEM.

2 Methods120

2.1 GPR and DEM acquisition

In summer 2018, a dense GPR acquisition on the Tsan�euron Glacier was performed (Fig. 2) using a single Radarteam Cobra

GPR antenna of 80Mhz centre-frequency, mounted on a backpack with a RTK differential GPS. Total listening time was set

to 1600ns with a sample rate of 320MHz. The GPR data were processed using a standard work�ow. A time-zeroing was

performed, setting the origin of the time vector when the �rst arrival is recorded. Our system being a single antenna system,125

this time corresponds in fact to the recording of the pulse itself. We then apply a time dependant gain, being the time vector

risen
:::::
raised

:
to a power 1.2. A de-wow �lter was also added, using the residual median �lter method described in Gerlitz et al.

(1993). We then removed the mean trace to avoid displaying the pulse and the airwave present in all the traces. Finally, a 120

MHz low pass �lter was applied to remove the signals outside of the GPR band. The data were binned in a 2m grid. The time to

depth conversion was done using a uniform wave propagation speed of 0.168m=ns (Eisen et al., 2002; Moorman and Michel,130

2000). The basalre�ector
:::::::
re�ection

:
identi�cation and the picking was then performed multiple times, with a random display of

the lines, by four different operators. The random selection of the line was done in order to avoid bias and over interpretation of

the GPR data re�ections. The processing was identical for all operators, however they had the possibility to adapt the display

(colormap and percentile clipping).All
:::
Any

:
of the picked points which showed differences of more than �ve meters between

the different operators were considered as unsure and therefore rejected. This resulted in a good basal depth estimation in 87135

% of the lines. As expected, the deepest zones (more than 70 - 80m) are the most dif�cult to identify precisely, with a smaller

signal-to-noise ratio. An example line is display on Fig.2. The data were then converted to a point set, representing the position

of the measurement and the altitude of the basal re�ector, to be used with the MPS algorithm.

In addition, during the summer in 2019 several UAV �ights wererealized
:::::::::
undertaken

:
above the Tsan�euron Glacier. We

conducted �ve �ights with a Sense Fly EBEE UAV equipped with a 20 megapixel RGB camera. The objective was to have140

a resolution of at least 10cm=pixel everywhere on the glacier, and an overlap of 60% between the images. The resulting

�ight altitude was between 300m to 600 m above ground. A DEM and an ortho-mosaic (Fig. 1) were generated using a
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Figure 2. Acquisition lines from August 2018. The cumulative length is about 18km. Hill shade from the DEM derived from Drone images.

The straight lines visible on the hill shade are ski lifts and transit tracks for snow groomers. A GPR line is displayed, with the basal re�ector

outlined.

stereoscopic method, and the whole domain was geolocated using Ground Control Points. The image processing was done

using the commercial Pix4D software.

2.2 Multiple-Point Simulation145

The MPS algorithm used in this paper isDeeSse(Straubhaar, 2019). It is based on the direct sampling technique that is

described in detail in Mariethoz et al. (2010). The principle of the method is that a conditional simulation is generated by

sampling patterns from a training data set. The simulation is sequential, a random path is used to de�ne in which order the cells

of the grid have to be simulated. For each cell, the pattern constituted by the already simulated or conditioning data surrounding

the current cell is retrieved. The algorithm then searches in the training data and in a random manner some patterns that are150

similar to the conditioning pattern. When a similar pattern is found the value at the central location of the pattern is copied

from the training data to the simulation grid. This technique allows to co-simulate jointly several variables, meaning that
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