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ABSTRACT

Periglacial rockwalls are affected by an increase in rockfall activity attributed to permafrost
degradation. While recent laboratory testing has asserted the role of permafrost in bedrock
stability, linking experimental findings to field applications is hindered by the difficulty to assess
bedrock temperature at observed rockfall locations and time. In this study, we simulated bedrock
temperature for 209 rockfalls inventoried in the Mont Blanc massif between 2007 and 2015 and
209 000 random events artificially created at observed rockfall locations. Real and random events
are then compared in a statistical analysis to determine the results significance. Permafrost
conditions (or very close to 0 °C) were consistently found for all events with failure depth > 6 m,
and for some events affecting depths from 3 to 6 m. Shallower events were likely not related to
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permafrost processes. Surface temperatures were significantly high up to at least 2 months prior to
failure with the highest peaks in significance 1.5 to 2 months and 1 to 5 days before rockfalls.
Similarly, temperature significances at scar depths were significantly high, but steadily decreasing,
1 day to 3 weeks before failure. The study confirms that warm permafrost areas (> -2 °C) are
particularly prone to rockfalls, and that failures are a direct response to extraordinary high bedrock
temperature in both frozen and unfrozen conditions. The results are promising for the development
of a rockfall susceptibility index but uncertainty analysis encourages to use a greater rockfall

sample and a different sample of random events.

1. Introduction

Rockwalls can be affected by significant gravity-related transfers of material throughout rockfall,
defined here as the detachment of a mass of rock with a volume exceeding 100 m? from a series
of discontinuities, and its transportation downslope on variable distance®. Rockfall is one of the
most hazardous geomorphological processes in Alpine massifs and can threaten mountain
infrastructure?=>, tourism®’ and valley floors in case of major events® 2. Periglacial rockwalls have
been increasingly affected by rockfalls'*8, notably during summer heatwaves®?° and permafrost
degradation is thus thought to be one of the main factors responsible for these increasing bedrock
destabilizations?~2°. With the projected degradation of alpine permafrost?, these hazards will
likely become a major threat for mountain communities and a better understanding of the thermal
context leading to periglacial rockwall failure is therefore crucial.

Laboratory experiments conducted over the past two decades have extensively contributed to

understand how thawing bedrock may become unstable. In a first stage, Davies et al.?’ have
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demonstrated that besides the normal stress, the strength of an ice filled rock joint is a function of
its temperature. It decreases with warming and reaches a minimal value at -0.5 °C. Then, Mamot
et al.?® have refined this analysis showing a decrease of ice-filled joint resistance by a range of 64
- 78 % when the bedrock warms from -10 to -0.5 °C. Those studies agree with former
investigations combining field observations and heat conduction modeling to explain the link
between the thawing front propagation and boulder fall in periglacial rockwalls®*. However,
Krautblatter et al.>* have lately explained that the rupture of ice filled joints may only occur at
depth < 20 m while, deeper, warming provokes slow deformation along rock-rock contact,
meaning that the rupture of ice-filled joints may only explain relatively shallow events. In addition,
laboratory experiments have also pointed out that ice-filled joint alteration may also result of
enhanced erosion provoked by water percolation and related advective heat transfer®®. This is
supported by field investigations at rockwall sites showing thawing corridors through geophysical
soundings®! or sudden temperature increase in borehole32. Water infiltration and circulation may
also cause hydrostatic pressure in ice-sealed fractures that could contribute to rockfall
triggering®*?>3334 as suggested by observations of water together with massive ice in rockfall
scars?®-22, However, determining the role of hydraulic processes in alpine rockfall triggering is
challenging because of the lack of fully coupled thermo-hydro-mechanical numerical models and
data for parameterization®3,

Despite these limits, the link between rock slope failures and permafrost conditions was confirmed
for various events using transient heat conduction models for specific rockfalls?*?2 or through
comparison of permafrost map* and rockfall inventory?. Statistical analysis of climate variables
or rock surface temperature evolution also showed a strong link between air temperature anomaly

and rockfall occurrence in high mountain®®-38 while various studies explain that strong thermal
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oscillations and related cyclic thermal stress or thermal expansion related to heating may cause
rockfall in non-periglacial environments®4L,
Despite these advances, observations are generally too sparse or inhomogeneous to draw robust
statistical analysis of thermal conditions at depth of bedrock failure, which limits the understanding
of the link between rockfall and rockwall thermal dynamics and therefore our capacity to predict
rockfalls.
Our study proposes to investigate bedrock thermal dynamics prior to rockfall occurrence for 209
inventoried events during the period 2007-2015 in the Mont Blanc massif. It uses a 1D transient
thermal model*2 simulating temperature-depth profiles at a daily time step. Absolute temperatures
simulated at the rock surface and at the depths of rockfall scars prior to failures are presented but
the main part of the analysis is based on a statistical approach in order to minimize biases in results
interpretation. Our study addresses the following research questions:

- Which bedrock temperature conditions or dynamics are the most prone to rockfall

occurrence?
- Is bedrock temperature experiencing exceptionally high value prior to failure?
- Is there a statistical relationship between bedrock temperature and rock slope

destabilization?

The study aims at verifying the hypotheses that the observed rockfalls are a direct reaction to the
intense and exceptional summer heatwaves that occurred over the past summers**“, and that
thawing permafrost (close to 0 °C) areas are the most prone to rockfalls. In this way, it intends to
better define the time-lag between the air temperature signal and the bedrock failure and to explore
a possible statistical relationship between air temperature, rock temperature dynamics and failure

occurrences that would help to predict such events with weather forecast.
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2. Study area and rockfall database

The Mont Blanc massif (MBM; Fig. 1), with its highest point at 4809 m a.s.l., is a crystalline
massif that extends over an area of 550 km? in the Western Alps. It presents two main lithological
units: a Variscan metamorphic series in the W and SW of the massif, and an intrusive late-Variscan
granite in the central and eastern parts, crosscut by three main sets of shear zones and faults*’.
27 % of the massif was covered by glaciers in the 2000s*8, and 7-12 % of the MBM area are
permafrost-affected rockwalls®®. Permafrost is largely present above 2600 and 3200 m a.s.l. on

north- and south-facing slopes, respectively*°.

In the MBM, infrastructures (cable cars, mountain huts, rack railways®) and mountaineers’ are
exposed to rockfall. Rockfalls are surveyed since 2007 by a network of observers® focused on the
central part (57 %) of the MBM. First based on the use of reporting sheets, the transmission of
information is now done more directly (oral communication, telephone, mail) or by using an app.
The network of observers is reactivated annually (through articles, meetings, forums, mailing-lists)
while amateur climbers are also solicited through posters installed in huts or articles in the
specialized press and forums. During each fall, extensive fieldwork is routinely carried out to
verify the observations from the network and/or to complete them with further data. In little-visited
areas of the mountain range, fieldwork is carried out at locations that were not reported by the
network, but identified by correlative deposits. Finally, for each event, the date of occurrence (or
observation of the deposit), the precise location of the scar, topographic parameters of the
destabilized area (altitude, orientation, slope), the fallen volume, and an estimate of the depth of
detachment are documented.

Among all the events inventoried between 2007 and 2015, we selected the 209 rockfalls with all

required input data for modeling: coordinates, scar depth, date of failure and MARST (Mean
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103  Annual Rock Surface Temperature). The MARST was extracted at rockfall locations from the 4-
104  m-resolution map created by Magnin et al.®. This map is based on a statistical model calibrated
105 by Boeckli et al.>! using MARST measurements from the European Alps, computed potential
106  incoming solar radiation and modeled air temperature.
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107
108 Figure 1. The Mont Blanc massif, the MARST distribution and the location of rockfalls analyzed in this study.
109
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Summary characteristics of this rockfall database are displayed in Table 1 and their distribution
displayed in Figure 1. The detailed characteristics are provided in Table S1. About 5% of the
rockfalls (10 events) have a MARST > 2 °C, meaning that they are likely in non-permafrost
conditions. Indeed, according to Hasler et al.>, permafrost might be found below MARST up to
3 °C due to the cooling effect of shallow snow cover and air ventilation into fractures. But since
the MARST map is built upon mean air temperature for the period 1961-1990 which was about
1 °C cooler than the recent period®, we assume that permafrost may exist below MARST up to
2 °C. In addition, 23 events (11%) have MARST between 0 and 2 °C and are thus likely in

discontinuous and/or warm permafrost conditions.

3. Methods

The goal of our research was to model a temperature-depth (T;) profile at rockfall locations in
order to assess the thermal conditions prior to failure. The simulations were conducted in 1D and
intended to represent bedrock temperature perpendicular to the rock surface (Fig. 2). In steep alpine
rockwalls, temperature at depth is partly driven by lateral heat fluxes induced by the topographical
settings which provoke high surface temperature variability®®. Thus, we developed an algorithm
which accounts for possible lateral heat fluxes in order to correct the modeled T profile. In this
section, we introduce the so-called CryoGRID2 model (sect. 3.1) that we used to simulate heat
transfer, the forcing data and bottom heat flux correction algorithm (sect. 3.2), the model fitting
approach (sect. 3.3), the uncertainty calculations (sect. 3.4), and the model implementation at each

rockfall location (sect. 3.5).
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Figure 2. Simplified sketch illustrating the modeled T profiles. The blue line represents a topographical profile. Pa
is the surface point where the rockfall occurred. Pg is the bottom point of the profile. The red line is the profile where

the temperature was calculated at chosen spatial and temporal steps. Altitude and distance are in arbitrary units.

3.1. Heat diffusion modeling with CryoGRID2

We used CryoGRID2 for simulating T, profiles, a MATLAB diffusive transient thermal 1D model
developed by Westermann et al.*? solving a nonlinear diffusion equation over time. Initially
developed for permafrost issues, it solves the conductive heat transfer by taking into account rock
properties, air content, water/ice content, and related thawing/freezing processes through latent
heat consumption and release. The top of the profile was forced by a surface temperature time
series (Dirichlet condition). At the bottom, the profile was forced by a thermal flux (Neumann
condition). At every time step, the profile at time n-1 was used as an input for calculating spatial
derivatives. At the first time step, we derived an initialization profile by taking the steady state
approximation of the equation with the mean of the surface temperature time series for the
Dirichlet condition and the first thermal flux for the Neumann condition. This first thermal flux is
derived by assuming that the temperature of the profile bottom is equal to the mean of the surface
temperature time series (sect. 3.2). CryoGRID2 can handle snowpack at the rock surface.

However, since it is almost impossible to construct or obtain such data in steep alpine rockwalls

8
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where snow depth is highly variable, snow was neglected in the present study. A summary of the

CryoGRID?2 principal input parameters and outputs are available in Supplements (Table S2).

3.2. Forcing data and correction heat flux

The top of the T, profiles was forced with Rock Surface Temperature (RST) time series derived
from the summation of an air temperature anomaly to the MARST extracted at rockfall locations
(sect. 2). The air temperature anomaly was calculated in comparison to the 1961-1990 mean air
temperature used to derive the MARST map (sect. 2) and from the daily air temperature recorded
by Météo France at Chamonix (1042 m a.s.l.) since 1993 (beginning of hourly air temperature
records), similarly to Magnin et al.?.

We created a correction flux applied at the profile bottom (Neumann condition) to account for
possible lateral heat fluxes coming from surrounding rock faces by using the MARST map (Fig.
1), the 4-m-resolution DEM used to map the MARST and the Chamonix air temperature anomaly

time series. We first searched for all surrounding rock faces that may influence the heat fluxes at

Ps (see Fig. 2 for Pg) as detailed in the Supplement S1 to obtained N points (Pi)ic[1:n; at similar

altitude than Pa and which were assumed to influence the lower part of the modeled T, profile

(Fig. 3).
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Figure 3. llustration of the searching method. The 4-m-resolution DEM is represented on a 200 x 200 m square that
contains a 200 m radius circle research limit. The white dot in the center is the surface point Pa (see Fig. 2 for Pa)
which is the top of the T, profile. The red dots surrounding Pa represent all the directions eliminated at the first r-step
(see Supplement S1). The green dots represent the research directions. Finally, the magenta dots are the selected points
for the correction heat flux calculation. Units and the scale are intentionally hidden to lighten the figure. Likewise,

only 20 different directions are plotted (instead of 100 used in this study) to help the readability.

We then applied thermal fluxes coming from the selected points. For every point P;, the MARST
at Pj location (MARST;) is extracted from the map and distance di between P; and the bottom point
Ps of the modeled T profile was calculated. For calculating the i" flux, we separated two cases
according to di (> or < to 30 m) as detailed in the Supplement S1.

We thus determined the thermal flux jo,i(t) of all P; and calculated the global jo(t) as follows:

jQ t) = Cexp

YLy Jo,i(®)

100

10

(1)
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We divided by 100 because we explored 100 directions, the final flux being an equivalent of a
discrete integral. All the fluxes had different directions and different application surfaces. However,
we applied all of them at Pg. For considering that, we corrected the final flux by an experimental
coefficient cexp. This coefficient was fitted at the same time as the other model parameters (sect.

3.3).

3.3. Model fitting

The simulated transient temperature fields are affected by a set of parameters related to bedrock

properties and model characteristics (Table S2). Principal parameters are listed below and have

been fitted by running a host of test values until a minimal difference between simulated and
measured temperature profiles into boreholes was achieved.

e The rock thermal conductivity (Kpedrock), the rock volumetric heat capacity (Coedrock), the
porosity (¢) and the total water content (Bwztt), Which can be assimilated to the bedrock
saturation, all change the soil thermal diffusivity, i.e. the time needed for the rock to reach
thermal equilibrium.

e Van Genuchten parameters (S2) 6r, a and n change the (0sat, T) curve. The exact influence is
not detailed here but, for example, a higher a will impact the dynamics by requiring a higher
temperature for melting all the ice.

® CexpChanges the magnitude of the lateral heat fluxes (sect. 3.2). For example, the higher is Cexp,
the stronger is the cooling effect of opposite north faces on south faces and vice versa.

e Spin-up parameters change the accuracy of the results during the first years of simulation. Tests
we performed showed that three years of spin-up are enough for limiting errors under 0.1 °C

the first year of simulation and that this error quickly decreases over time.

11
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Borehole temperature measurements used for model fitting were collected at the Aiguille du Midi®®
(ADM; 3852 ma.s.l.; Fig. 1). Three 10-m-deep boreholes have been drilled in 2009 in SE, NE and
NW-exposed rock faces with varying slope conditions (55 ° to sub-vertical) and snow deposits
(from continuous and rather thick to discontinuous and thin snow cover, or very local snow
deposit). The NE and NW exposed boreholes (respectively BH_E and BH_N) have been equipped
with 15 thermistor-chains spread between 0.3 and 10 m depth, while the SE exposed borehole
(BH_S) has 14 sensors spread between 0.14 nd 9.64 m depth. They have been recording
temperature since December 2009 (except BH_E: April 2010) at a 3-hour time interval. Model
fitting was performed at a daily time step using temperature time series at the shallowest depths as
forcing temperature time series at the top of the model domain. The simulated T, profiles were
then compared with measured temperatures in the boreholes.

Minimization of the Root Mean Square Error (RMSE) between simulations and boreholes time
series were obtained with parameter values displayed in Table 2. Figure 4a displays a simulated
T, profile for a 9 years period with the best-fitted bedrock properties while Figure 4b displays the
difference between the measured and the modeled temperature (interpolated between sensors).
Figure 5 presents the error distribution obtained with the parameters displayed in Table 2. All the
normality tests (Anderson Darling, Kolmogorov Smirnov, Lilliefors...) rejected the hypothesis
that this distribution came from a normal distribution at a 5 % significance level. However, the
number of points was abnormally high because all the points at every depth and every time were
considered in the three cases (more than 5 million points in total). But in reality, there were only
three “real” points of comparison (i.e., the three boreholes). The Kolmogorov Smirnov statistic
was 0.039 and the critical value corresponding at three data points at a 5 % significance level was

0.71, while the critical value with all the points was 10 order of magnitude. Therefore, in this

12
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context of three “real” points of comparison, the test could not reject the hypothesis that the data
came from a normal distribution. Thus, for working with Gaussian uncertainties, we assumed this
hypothesis of Gaussian errors and we used the mean error of 0.295°C and the standard deviation
(o) of 0.515 °C (Fig. 5) for our analysis. Based on these results, we systematically removed 0.3 °C
(upper bound of 0.295 °C) to the final modeled temperatures and a standard deviation value
ocryogrid = 0.55 °C (upper bound of 0.515 °C) was considered for uncertainty (as a reminder, ¢

corresponds to a 68 % reliable level and 26 to a 95 % reliable level for Gaussian data).

a. Simulated temperatures b. Comparison simulated-real
2 10 ol | 10
—_ 5 —_ 5
E4 E4
=
%_ 0 = 0
26 356
D -5 _5
8 -10 8r | W-10
10 -15 10 -15
2011 2012 2013 2014 2015 2016 2017 2011 2012 2013 2014 2015 2016 2017
Time [year] Time [year]

Figure 4. a. BH_E borehole simulation realized with parameters detailed in Table 2. Input surface temperatures were
extracted from the borehole real values. The 0.3 m spatial shift at the top of the profiles is due to the depth of the first

temperature value recorded in the borehole. b. Comparison between BH_E borehole simulation and real BH_E

N 2
borehole values. RMSE can then be displaced from these values (ei)iej1:ng by the following formula: RMSE = /ZmTlel

13
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x10%

Experimental errors
distribution

____ Fitted normal
distribution
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-2 -1 0 1 2 3
Temperature errors [°C]

Figure 5. Fit of the temperature errors by a normal distribution. Errors are defined as the difference between the
simulated borehole temperatures (BH_S, BH_E or BH_N) and the real borehole temperatures. The fit gave a mean of

0.295 °C and a standard deviation of 6 = 0.515 °C.

3.4. Uncertainty analysis

In addition to the uncertainty associated with model parameters, the uncertainty of the forcing RST
time series must be considered. RST time series being created as the summation of a MARST and
anomaly values (see sect. 3.2.), we consider two terms for this uncertainty, one for the MARST
and one for the anomalies. For the MARST, the standard deviation of 1.616 °C is reported in the
study from Boeckli et al.>! that describes the statistical model on which is based the initial MARST
used in our study (displayed in Fig. 1). We thus kept the upper bound of this value to determine
omarsT = 1.7 °C. For the anomalies, the uncertainty results from the only consideration of the air
temperature changes in Chamonix to create RST anomalies while daily RST variations may also
result of the varying lapse rate, which is typical of alpine environments®, as well as the varying
incoming solar radiation and possible snow accumulation*® which are neglected. We calculated

the uncertainty for RST anomalies, referred as canomaty, by using a set of measured RST time series

14
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at 5 sensors installed at the top of the ADM in sub-vertical S (2 sensors), N, E, and W exposed

rock faces, at a depth of 0.03 m*.

One of the two S-exposed sensors is located right above a ledge where snow accumulates during
winter which lowers the MARST by about 1°C compared to snow-free conditions for similar sun-
exposure*®. RST have been recorded continuously at an hourly time step from 2007 to 2010. The
MARST for the years 2007 to 2010 were then calculated for each sensor and were adjusted to the
1961-1990 period by applying the air temperature anomaly between 1961-1990 and the years of
measurements (2007 to 2010). Then, the adjusted MARST of each sensor was subtracted to the
measured daily RST to obtain daily temperature anomalies at sensor locations.

Comparison between the daily air temperature anomalies measured in Chamonix and the RST
anomalies calculated from the 5 RST sensors resulted in Gaussian errors with a standard deviation
of Ganomaly = 4 °C.
To sum up, the uncertainties were as follows:

®  Gcryogrid = 0.55 °C

e owmarsT=1.7°C

®  Ganomaly — 4°C

Then, for surface temperature series, the total uncertainty was:

_ 2 2 2
Osurf = \/GMARST + Ganomaly ( )

Numerically, it gave: osurf = 4.4 °C.

In the next part of the study, the temperature at the depth of the rockfall scar was analyzed (referred
hereafter as “scar temperature”). With most scar depth > 1 m (Tab. 1), these temperatures were not
significantly affected by daily surface temperature changes. Thus, Ganomaly Was neglected when

dealing with scar temperatures and total uncertainty for scar temperature was therefore:

15
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Oscar = \/Ggryogrid + OfiarsT 3)
Numerically, it gave: oscar = 1.8 °C.

To analyze the results, we also used temperature percentiles (sect. 4). A X % temperature
percentile is defined as a value which is warmer than X % and colder than (100-X) % of some
chosen reference temperatures which were defined as explained in section 4. To estimate modeled
temperature percentile uncertainties, simulations were done for the three boreholes, using the
MARST map (Fig. 1) and the air temperature anomaly to generate the forcing surface temperature
time series. Percentiles of the modeled temperature values were then calculated for the full
borehole time series and compared with the real temperature percentile values. Gaussian errors
were obtained, With Gsurf pret = 13.8 % and oscar pret = 10.7 %. This approach of considering all the
uncertainty sources at once was less precise but sufficient in that case with long and complex

calculations.

3.5. Approach for simulating the temperature dynamics at rockfall locations

To analyze bedrock thermal dynamics prior to rockfalls, the following protocol was used
for every event:

e The rock surface temperature time series was created as described in section 3.2.

e The CryoGRID2 simulations were run between 1% January 1993 and 31 December 2015,
with the bedrock parameters determined after fitting (Tab. 2). Given that the fitting step
showed that a spin-up period of 3 years is sufficient, we assumed that the years 1993-1996
were the spin-up years while rockfalls are only documented since 2007. The simulated T,

profiles were 20.5 m long, which is 5 m deeper than the deepest scar depth (Tab. 1). This

16
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5 m buffer permitted to lower the errors in the deeper part of the profiles where the

correction thermal flux was applied (see sect 3.3).

This process was entirely automated in Bash language and MATLAB programs on the Univ.
Savoie Mont Blanc - CNRS/IN2P3 MUST computing center. Then, all the simulations could be

started at the same time on different calculation resources.

4. Approach for result analysis

4.1. Model output processing and analysis

Four rock temperature variables were analyzed: the (i) scar and (ii) surface temperatures, and the
(iii) scar and (iv) surface temperature percentiles. They were all examined through 11 different
temporalities: 1 day, 3 days, 5 days, 1 week, 10 days, 2 weeks, 17 days, 3 weeks, 1 month, 45 days
and 2 months. The surface temperature was simply extracted at the uppermost depth of the T,
profile (0.05 m). The scar temperature was extracted at the scar depth specified in the rockfall
database for each event (Tab. 1). For temporality of 1 day, surface temperature percentiles were
calculated by comparing the simulated surface temperature at the day of rockfall occurrence with
all the daily surface temperatures of the simulated time series (1% January 1996 - 31% December
2015). For other temporalities of n days prior to rockfall occurrence, the reference temperatures
were calculated by averaging the temperature between a day d1 which is, by turns, each day in the
temperature time series, and a day dO which is the first day of the averaging period prior to d1,
defined as dO = d1 — n + 1. Then, the average temperatures for the various temporalities prior to
failure were compared with the respective reference temperatures. At this step, we had only

absolute values of surface and scar temperatures, and absolute values of surface and scar
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temperature percentiles. We then aimed at answering if this temperature value was abnormally
high for the current period.

To do so, 1000 dates were drawn randomly and the 4 studied variables were extracted for the 11
different temporalities at each rockfall location. The choice of the number of random events was
based on a compromise between the calculation resources and the potential to reduce the
uncertainty. The scar depths of the 1000 random dates of a specific event location were chosen
equal to the scar depth of this event. To remove sources of biases, dates of the random events were
drawn: a) after 2007 and b) with the same monthly distribution as the 209 rockfalls events. Reason
for a) was to remove biases linked to the recent decades of atmospheric warming as the rockfall
database starts in 2007. If artificial rockfall events would have been drawn in the full period 1996-
2015, extracted temperatures at the beginning of the time series would have been expected to be
lower and it would have been impossible to determine if a significance of warmer temperatures
for rockfall events was real or just related to the atmospheric warming contribution. Reason for b)
is that rockfalls mostly occurred between June and October (with an attendance peak in August,
Fig. 6a) and these months were, on average, warmer than other months of the year. If random
events would have been drawn in the full year, a significance of warmer temperature for real events
could have been simply interpreted as the reflection of this reason and not as an extraordinary
thermal state of the rock before the failure. Thus, random events were drawn according to the same
monthly distribution as the 209 real events (Fig. 6a). Figure 6b shows that the temporal distribution
of rockfall events is not dependent on the scar depth, that is why the same monthly distribution is
taken for every scar depth and that no scar depth groups were created. Likewise, no relationship

was found with the elevation, the slope angle or the sun-exposure (Fig. S1).
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Figure 6. a. Histogram illustrating the distribution of the 209 rockfalls throughout the year that was used as a basis to
draw random events dates. b. Plot illustrating the distribution of the events throughout the year in comparison to the
scar depths. The absence of relationship between scar depth and rockfall timing was considered to not draw the
monthly distribution of random events according to depth. The same is true for elevation, slope angle and sun-exposure
(Fig. S1). Means of 0.8 m, 9 m, 10 m, 11 m, 13 m and 15 m scar depths must be observed carefully because they are

represented by one or two points only.

4.2. Determining results significance

For searching significant results, real rockfalls temperatures and temperature percentiles were
compared with those of random events. Firstly, a simple comparison of the means for every scar
depth and every temporality was realized. Then, the comparison was done for every temporality
without regarding the scar depth. Uncertainties were derived by dividing the uncertainty of the
variable (Gsurf, Oscar, Osurf pret OF Oscar pret) DY the square root of the total number of points used for
calculating the mean. Since 209 000 random events were considered, uncertainties of the means
of random events variables were small and almost impossible to see when plotted against the real

events uncertainty.
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A Kolmogorov Smirnov test (KS test) was then performed for assessing if the real rockfalls sample
could have been drawn from the random events distribution. It was calculated by determining the
highest ordinate difference between the Cumulative Distribution Functions (CDFs) of the real
rockfalls and the random events series. This statistic was then compared with tabulated critical
values for obtaining the result of the test. This test was chosen because it is non-parametric, which
is important since the temperature percentiles are clearly not Gaussian (Anderson Darling,
Kolmogorov Smirnov and Lilliefors tests reject this hypothesis with a 5 % significance level), and
because it was possible to consider the uncertainty values while performing the test. This second
point is, astonishingly and unfortunately, uncommon for statistical tests. The only feasible rough
uncertainty incorporation is generally to present upper and lower bounds of the test by realizing it
with the high and low values of the data points. Here, for surface or scar temperature percentiles,
the uncertainties were included as explained in the Supplement S2.

An example of CDF represented with the uncertainties and resulting KS test is displayed in Figure
7 for one specific variable (surface temperature percentile) and one specific temporality (1 day).
The KS statistic must be compared with the critical value (cv). If the statistic is higher, the test
rejects the hypothesis that the experimental data (real events) comes from the model (random
events) with a 5 % significance level. Here, the test rejected the hypothesis that the experimental
data (real events) came from the model (random events) in the normal case with a 5 % significance

level, but could not reject this hypothesis when considering the uncertainties.
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Figure 7. Illustration of a KS test result. The surface temperature percentiles were here considered at the rockfall
event day (temporality of 1 day). “k” represents the KS statistic between the CDFs without considering the
uncertainties. “k 68" represents the statistic between the 68 % reliable real events CDF and the 99 % reliable random
events CDF. “k_95” represents the statistic between the 95 % reliable real events CDF and the 99 % reliable random
events CDF. The 68 % and 95 % reliable random events CDFs are not presented because they were very close to the
99 % reliable one (the reason for this stability is that random events CDF is made of 209 000 points). “cv” is the 5 %
significance level critical value of the KS test in this context. To know the result of the test, the KS statistic must be
compared with the critical value. If the statistic is higher, the test rejects the hypothesis that the experimental data (real
events) come from the model (random events) with a 5 % significance level. Here, the test rejected the hypothesis in

the normal case but could not reject it when considering the uncertainties.

To show orders of magnitude of simulated temperatures, scar and surface temperature variables
were used in a first step. However, in a second step, only temperature percentile variables were

kept since they are better for finding statistical significance.
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5. Results

When considering the uncertainties, none of the four variables (surface and scar depth
temperatures and temperature percentiles) could be distinguished from the random events values
when reasoning by scar depth. This finding is illustrated in Figure 8 for a temporality of 1 day
while other temporalities, showing similar patterns, are displayed in the Supplements (Fig. S2).
However, whatever the considered variable, the mean distributions were in most cases - except 6
and 7 m depths - higher than the random events. This was particularly pronounced for the
percentile variables. The four variables were strikingly scattered, but some notable patterns could
be distinguished. First, the closer to the surface, the warmer was the scar temperature, for both real
and random events. The average temperature became negative from 3-4 m depth downward (see
Fig. S2 also) but consistency in negative scar temperature was found for depths > 6 m only, despite
a few events showed positive and close to 0 °C conditions. Only 2 events had scar temperature <
-5 °C. The surface temperatures were mostly positive and no distinct pattern could be found
according to scar depths. Scar temperature percentiles scattering increased with depth and their
mean decreased from 90 to 50 % between 1 and 9 m depth while surface temperature percentiles
showed no obvious link with scar depths. When extending the temporalities (Fig. S2), very similar
patterns were found, with slightly smaller scattering, slightly higher surface percentiles and

slightly lower scar temperature percentiles.
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Figure 8. Comparison of the four studied variables between real and random rockfalls on the day of the event
(temporality of 1 day). This comparison was done for every scar depth, all the events with the corresponding value of
scar depth being used for calculating a mean. Ten other groups of figures like this one were done to verify our results
for the 10 other temporalities (3 days, 5 days, 1 week, 10 days, 2 weeks, 17 days, 3 weeks, 1 month, 45 days and 2
months) and four of them (1 week, 2 weeks, 1 month and 2 months) are presented in the Supplements (Figures S2).
Uncertainties of random events variables cannot be seen because they were really low (order of magnitude of some

degree tenths for temperature variables and some percent tenths for temperature percentile variables).

When looking at the results through the different temporalities, percentiles of scar and surface
temperatures were, distinctively higher than the random events values, whatever the temporality
(Fig. 9). For scar temperature percentiles, this difference was in order of magnitude of 3 % for
mean values and at least 1.5 % for 95 % reliability values. For surface temperature percentiles,

these percentages were nearly equal to 2.5 and 0.5 %.
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Figure 9. Comparison of the average temperature percentile variables between real and random rockfalls. Here, all
scar depths were merged which explains a constant and rather low uncertainty (individual uncertainty divided by the
square root of the total number of events, 209 for the real ones and 209 000 for the random ones). Every single point

of this represents a full plot of Figure 8.

Implementation of the KS test showed that scar temperature percentiles for real events were
significantly different from random events for temporalities between 1 and 21 days (Fig. 10). This
significance decreases almost continuously with increasing temporality. Surface temperature
significances varied with the different temporalities but were always well above the critical
threshold. It reached its minimum value at about 14 days averaging time prior to failure and then
increased continuously until 45 days averaging time prior to failure where it reached its maximum
value. However, when considering the uncertainty, these results were not significant and it was
therefore not possible to state whether the real events sample could have been drawn from the

random events distribution. This points out the interest to work with a greater number of rockfalls.
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Figure 10. Illustration of the significance of scar and surface temperature percentiles for every temporality. Every
point of this plot corresponds to a KS test. For example, the three values “k”, “k_68 and “k 95 calculated in Figure
7 are here represented by the green triplet of points (plus-sign marker, diamond marker and circular marker) at the 1-

day abscissa.

6. Discussion

6.1.Strengths and limitations of the study

For this study, we have used a homogeneous rockfall inventory which ensures direct comparability
of the results and a coherent statistical analysis. The relatively simple thermal modeling approach
may appear as the main limitation since it lacks of consideration for solar radiation variability
through time, precipitations and wind effects, or snow deposit controls. Energy balance approaches
which have been commonly used in rockwall permafrost modeling®®>-%" would allow overcoming
some of these limitations. However, by introducing a greater number of input parameters, energy
balance models bear numerous sources of uncertainty, challenging its quantification®®. In this way,

our simple modeling approach combined with the availability of bedrock temperature data into
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boreholes has the main advantage to permit a detailed uncertainty analysis of our results. In
addition, our approach accounts for most important parameters which are an average value of
incoming short-wave solar radiation and air temperature (for the MARST calculation®®) at the
bedrock surface and the heat conduction at depth. Nevertheless, bedrock thermal parameters
(conductivity and heat capacity) have been calibrated with borehole temperature measurements
collected in the granitic part of the MBM while 18 (8.6 %) of the rockfalls occurred in the
metamorphic series. But since these series have in most cases very similar mineral composition as
the granitic unit*’, it is assumed that the results are marginally impacted, the variable anisotropy
which is not only related to lithology but also to site-specific fracturing possibly being the most
critical issue.

Another limit lies in snow deposits that may cool the bedrock surface and delay the thawing onset
during warm seasons®’®® when some rockfalls occurred. Thus, the greater statistical significance
of rather long time period of high surface temperature prior to rockfalls may partly depict the time
needed for snow melt for some events. But, in parallel, snow melt or rainfalls could also accelerate
the thawing through water percolation into bedrock fractures®®®2. The only possible reflection of
this overlooked effect in the results would be the events with rather low scar temperature
percentiles right before failure (Fig. 8). This means that the bedrock temperature didn’t reach its
highest value when the failure occurred suggesting either that sudden heating is not the main
triggering factor or that other processes such as heat advection may have locally accelerated
bedrock warming. Such accelerated bedrock thawing was already suggested by former studies®*’
to explain permafrost-related rockfalls. Despite these limits, our results allow discussing possible

thermal processes triggering rockfalls according to scar depth and climate signal characteristics.
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6.2. Results interpretation

The role of thermal processes in rockfall triggering

Variables comparison with scar depths (Fig. 8) has shown that it would have been irrelevant to
analyze the results based on scar depth groups. Such an analysis could have been attractive since
it could have been expected that scar temperature significance would have overweighted the one
of surface temperature. But the constantly low difference between random and real events
variables shows that the observed pattern is not specific to the real events and that the supposedly
link between scar depth and bedrock temperature pattern must be seen as the depiction of general
thermal conditions at rockfall locations. The decreasing average in scar variables (Fig. 8) must be
seen as the expected depth effect involving a delayed response to climate signals.

Temperature values at scar depths discriminate possible rockfall triggering processes with
permafrost degradation or frost-related processes strongly suggested for events > 6 m and for a
significant part of shallower events (3 to 6 m). On average, these events occurred in a range of
temperature between 0 and -2 °C and show noticeable agreement with experimental and theoretical
knowledge about reduced shear strength of ice-filled fractures within this temperature range?*?’,
In mountain environments, rockwalls are prone to instability because of extreme conditions with
large and sometimes sudden temperature variation, freeze and thaw cycles, as well as wet and dry
cycles throughout the year?®51-4. Frost weathering processes related to ice segregation and
volumetric expansion, as well as repeated freeze and thaw cycles leading to bedrock fatigue are
well recognized mechanisms preparing to bedrock failures by breaking rock bridges and favoring
fracture propagation®:>-67_ Similarly, high thermal stress related to strong thermal oscillations is
also regarded as an essential factor favoring bedrock cracking due to repeated thermal contractions

and expansions that also affect non-periglacial rockwall, the warm days being particularly prone
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to rockfall occurrence®94%88° The fact that many shallow events occurred at positive rock
temperature but also well higher than average rock temperatures as suggested by the temperature
percentiles, corroborates those studies.

In addition to the interpretation of possible processes acting in rockfall, percentiles reveal how air
temperature signals contribute to their triggering. Indeed, temperature values are suited for an
intrinsic comparison of the rockfall sample elements, while temperature percentiles rather inform
about the thermal dynamics specific to each location of the rockfall sample elements. In addition,

percentiles are better suited for determining statistical significance.

Link between air temperature signals and rockfall triggering

Comparisons of percentile means (Fig. 9) show that the real events have, in average, a warmer
temperature condition prior to failure than random ones, whatever the considered temporality,
from 1 day to 2 months (Fig. 8 and S2). However, the difference between the real rockfall events
and the random rockfall events can also be a statistical “sample effect” and the questions of
whether and to what extent the sample could have been drawn from the model persist. This
question is answered by the KS test and the significance study (Fig. 10). In the following, a high
significance must be interpreted as an approval of the previous results, namely that the real events
show warmer temperature conditions than usual and that this difference is not due to a “sample
effect”. The results show that the surface temperature percentiles between 1 day and 2 months
prior to failure are significantly higher than usual. More specifically, the highest significance for
these exceptionally high surface temperature percentiles is found 1.5 to 2 months prior to failure
and, in to a lesser extent, at an early time prior to the rockfall (1 to 5 days). In between these early

and late time periods, the statistical significance for the surface temperature percentiles decreases
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and reaches a minimum at 2 weeks. This suggests that rockfall occurrences are favored by long-
lasting heatwaves (i.e. extended period of unusually high atmospheric heat) overtopped by a hot
spell (one or a few days of intense heat)’®. This early compound can thus be interpreted as a
triggering effect which only reinforces a long-term high surface temperature signal. The late
compound becomes more relevant in relation to the statistical significance of the scar temperature
temporalities. Indeed, high significances of scar temperatures for short time period (< 20 days) are
in some ways a corollary of high percentiles of surface temperature for at least a month due to the
delay needed for heat diffusion. But this would mean that bedrock failures are somewhat a direct
response to extraordinary high temperature at depth. Such results are partly in agreement with the
findings from Luethi et al.*". This last study found that mid-sized rockfalls such as those we
investigated are a direct response to short-term periods of high surface temperature. The authors
attribute this fast reaction to accelerated bedrock thawing provoked by advective heat transfer from
water percolation. While this study was not accounting for the thermal dynamics at scar depth, our
study shows that scar depths were also affected by exceptionally high temperatures which are
explained by the only effect of heat conduction. It further demonstrates that this high temperature
at scar depth is likely a response to several weeks or months of high bedrock surface temperature.
It does not exclude effect of advective heat transport but suggests that heat conduction exerts a
predominant control. Such findings somehow remind the findings from Paranunzio et al.*® which
pinpointed warm air temperature anomaly associated with a majority of rockfalls observed in the
Western Italian Alps. Finally, similarly to the study of Luethi et al.%’, it confirms that other thermal
processes than permafrost degradation are probably responsible for small size rockfalls,
supposedly high thermal stress due to intense temperature variation favoring bedrock failure

preparation.
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These interpretations must be considered with caution since they are based on findings for which
the significance cannot be confirmed when considering the modeling approach uncertainty. This
limit draws some research outlooks that could lead to the definition of a susceptibility index of a

rockfall to occur according to the weather forecast.

6.3. Outlooks

Our study has shown that when considering model uncertainty, a part of our interpretation loses
significance as it is not clear whether the same results could have been drawn from a random
sample. For lowering these uncertainties and confirming/improving these results, two solutions are
possible.

The first one, which is the most challenging, is to lower the modeled temperature uncertainties
(ocryogrid, OMARST OF Ganomaly; S€€ Sect. 3.5). ocryogria could be improved by getting other borehole
data in order that CryoGRID2 parameters better represent the study area (boreholes in rockwalls
with other characteristics or in the metamorphic basement for example). omarst could be tackled
by modeling the MARST with a RST sample collected in the study area rather than across the
entire European Alps®*52. Finally, canomaly could be improved by better defining the daily surface
temperature (see sect. 3.2.). RST anomaly time series could be created at the specific rockfall
locations by combining different meteorological parameters in a well-constrained energy balance
model.

The second solution for lowering the uncertainties would be to increase the sample size with a
higher number of rockfalls. This would lower the KS test critical values and the CDF uncertainties.
This second solution would be considered in the near future as the rockfall database will be

enriched with more recent events (2016-2020) which are currently under processing.
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Additionally, with the method described in sect. 4, atmospheric warming and seasonal biases have
been ruled out. However, the bias linked with the rockfall locations persists. Indeed, the studied
locations were possibly particularly prone to instability (fracturing for example) as much as
rockfall dates were favorable for example. For removing this bias, random events should be chosen
in all the MBM, with characteristics (altitude, exposure, slope angle...) in accordance with the
rockfall sample characteristics. Such a study, in the continuation of this work, could result in the
development of a rockfall susceptibility index. This index would be defined with the values of the
four variables presented and, particularly, with their significances. This work of gathering all this
information could be done by machine learning or deep learning. Some of the real events will be
used in the learning process and the others for the testing step. Such a rockfall susceptibility index
could be a preliminary step towards a direct societal contribution of the past decade of permafrost

research, supporting risk mitigation and public awareness in a rapidly evolving environment.

7. Conclusions

In this paper, the thermal conditions and dynamics at and prior to rockfalls have been analyzed for
209 events inventoried in the MBM between 2007 and 2015 with 1D temperature modeling. Using
temperature measurements at five locations at the rock surface and into three 10-m-deep boreholes,
model uncertainty was quantified to refine model interpretation. Based on a random events
analysis approach, recent decades of atmospheric warming and seasonal biases have been
removed, and the statistical significance of our results was determined. The results were analyzed
through surface and scar depth temperature values to discriminate possible processes responsible

for rockfall triggering, as well as through temperature percentiles to analyze the statistical
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significance and whether the rockfalls are a direct reaction to extreme air temperature signals.
Percentiles were defined in relation to 11 temporalities ranging from 1 day to 2 months. KS tests
were performed to determine whether our results could have been found from the random sample.
Our study draws the following conclusions:

e Permafrost degradation may be responsible for almost all events which scar depth was >
6 m, and for a significant part of events occurring between 3 and 6 m depth.

e For the 209 real events, the surface and scar temperature percentiles were, on average,
warmer than those of the random events. This difference is present for all the considered
temporalities. It is in order of magnitude of 3 % for scar temperature percentiles (1.5 % at least at
95 % reliability level) and 2.5 % for surface temperature percentiles (0.5 % at least at 95 %
reliability level).

e KS test shows significant relationships between rockfalls and surface temperature
percentiles at least up to 2 months prior to failure, and scar temperature percentiles up to 3 weeks
before the events. At the rock surface, temporalities > 1 month have the greatest significance and
those of 1-5 days are also remarkable. At scar depths, the closer to the event day, the greater the
significance.

e Significance results are interpreted as the effects of 1 to 5 days of extraordinary hot
weather (hot spell) acting as a triggering mechanism after > 1 month of exceptionally high air
temperature (long lasting heatwave), which result in high temperature at depth and sudden bedrock
failure.

e Decrease of the scar temperature percentiles significances suggests that rockfalls are a

direct reaction (lasting less than 3 weeks) to exceptionally high bedrock temperature.
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e When considering 95 % reliability level, uncertainties are too high for concluding
anything about KS test significances (the three last points).

e Our study also points out the interest to apply such an approach with a greater rockfall
sample to better define the significance levels and appears promising to develop rockfall

susceptibility index using weather forecast.
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Table 1. Summary characteristics of the 209 rockfall events used in this study. MARST refers to the

Mean Annual Rock Surface Temperature such as displayed in Figure 1.

Altitude (m) | MARST (°C) | Volume (m®) | Scar depth Slope angle (°)
(m)
Minimum 2175 -8.7 100 0.8 12*
Mean 3341 -2 1836 3 57
Median 3355 -2 400 3.8 57
Maximum 4085 4 60 000 15 82

Table 1: Optimum parameters for minimizing the RMSE between simulated and real borehole temperatures. * This

low value is explained by the fact that the rockfall occurred from the top of a crest.

Parameter Value
Bedrock conductivity (Kpedrock) 3.3W.mlK?
Bedrock porosity (o) 1%
Total water content (Ow,tot) 1%
Bedrock volumetric heat capacity 2.10%).m3. K1

Profile resolution

Froml1to3m:0.1m

From3to 10 m: 0.2 m

From10 mto 20.5 m: 0.5 m

Spin-up duration

3 years

Cexp

4
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