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The three‑stage rock failure 
dynamics of the Drus (Mont Blanc 
massif, France) since the June 2005 
large event
Antoine Guerin1*, Ludovic Ravanel2, Battista Matasci1, Michel Jaboyedoff1 & Philip Deline2

Since the end of the Little Ice Age, the west face of the Drus (Mont Blanc massif, France) has been 
affected by a retrogressive erosion dynamic marked by large rockfall events. From the 1950s onwards, 
the rock failure frequency gradually increased until the large rockfall event (292,680 m3) of June 2005, 
which made the Bonatti Pillar disappear. Aiming to characterize the rock failure activity following this 
major event, which may be related to permafrost warming, the granitic rock face was scanned each 
autumn between October 2005 and September 2016 using medium- and long-range terrestrial laser 
scanners. All the point clouds were successively compared to establish a rockfall source inventory 
and determine a volume-frequency relationship. Eleven years of monitoring revealed a phase of rock 
failure activity decay until September 2008, a destabilization phase between September 2008 and 
November 2011, and a new phase of rock failure activity decay from November 2011 to September 
2016. The destabilization phase was marked by three major rockfall events covering a total volume 
of 61,494 m3, resulting in the progressive collapse of a new pillar located in the northern part of the 
June 2005 rockfall scar. In the same way as for the Bonatti Pillar, rock failure instability propagated 
upward with increasing volumes. In addition to these major events, 304 rockfall sources ranging from 
0.002 to 476 m3 were detected between 2005 and 2016. The temporal evolution of rock failure activity 
reveals that after a major event, the number of rockfall sources and the eroded volume both follow 
a rapid decrease. The rock failure activity is characterized by an exponential decay during the period 
following the major event and by a power-law decay for the eroded volume. The power law describing 
the distribution of the source volumes detected between 2005 and 2016 indicates an exponent of 
0.48 and an average rock failure activity larger of more than six events larger than 1 m3 per year. Over 
the 1905–2016 period, a total of 426,611 m3 of rock collapsed from the Drus west face, indicating a 
very high rock wall retreat rate of 14.4 mm year−1 over a surface of 266,700 m2. Averaged over a time 
window of 1000 years, the long-term retreat rate derived from the frequency density integration of 
rock failure volumes is 2.9 mm year−1. Despite difficulty in accessing and monitoring the site, our study 
demonstrates that long-term surveys of high-elevation rock faces are possible and provide valuable 
information that helps improve our understanding of landscape evolution in mountainous settings 
subject to permafrost warming.

Over the past two decades, many rock avalanches and large rockfall events have affected permafrost within 
mountain ranges around the world1–6, including the Alps7–13, as illustrated by the devastating 3.1 Mm3 event14–16 
in Piz Cengalo (Switzerland) in August 2017. In high mountain areas, permafrost and its degradation (warming) 
due to climate change are increasingly perceived as having a fundamental role in rock wall destabilization17–19. 
The increase in the frequency and volume of rockfalls and rock avalanches—presumably validating this role—is 
largely suggested by the multitude of recent major events. The rockfall frequency has been verified in the Alps20–22, 
while that of volume has started to be validated in Alaska23.

Despite these efforts, the volume-frequency relationship in high mountain areas remains little studied because 
of the lack of systematic data on rockfalls24. Only recent research conducted in the Mont Blanc massif has made 
it possible to propose initial conclusions based on a large data set on rockfalls documented by a network of 
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observers25,26 or by using their correlative deposits on glacial surfaces identified by satellite imagery27. These 
inventories, especially those28 associated with the heat wave years 2003 and 2015, showed that rockfalls were 
numerous but involved limited volumes (160 rockfalls > 100 m3) and occurred within permafrost-affected areas. 
Although nonexhaustive, the data collected in these databases suggest a sudden and remarkable deepening of 
the active layer (top layer that thaws during the summer season) together with hydrostatic pressure related to 
thaw, extreme rain or ice expansion before melting29 and advective heat transport by water percolation along 
discontinuities at depth.

More generally, historical rockfall inventories show that the cumulative distribution of volumes mainly fol-
lows power-law relationships24,30–34, except for volumes < 100 m3 and > 10,000 m3, which are underrepresented 
in the databases due to many small rockfalls not being reported35 and observation periods not being long 
enough to record large volumes24. Many authors36–40 who have established a rockfall inventory using remote 
sensing techniques, such as terrestrial laser scanning (TLS) or structure-from-motion (SfM) photogrammetry, 
have also put these power-law relationships forward. Nevertheless, two recent studies41,42 demonstrated that the 
monitoring interval played a key role in the completeness and correctness of rockfall inventories derived from 
remote sensing surveys. Thus, within the framework of an infrequent monitoring interval (typically one year), 
the number of detected rockfalls and their individual volumes can both be distorted by the effects of coalescence 
and superimposition of events42. However, it should be specified that the two abovementioned effects do not 
affect the values of cumulative eroded volumes and resulting cliff retreat rates. To use adequate terminology, it 
is therefore necessary to dissociate the terms rockfall (which relates to the fall itself43), rockfall event (referring 
to a specific event to which an identified source corresponds), rockfall source (which corresponds to a detected 
event that may be affected by the effects of coalescence and superimposition), and rockfall scar (which represents 
the detachment surface of one or more rockfall sources and whose volume estimates are listed in inventories).

Despite the many case studies mentioned at the beginning of the introduction, the evolution of a high-elevated 
rock wall following a significant destabilization has not yet been the subject of specific research. However, sur-
veying a large rockfall scar is very helpful to evaluate the frequency and volume of mechanical readjustments 
within and around the scar since the change in stress fields could have consequences beyond the scar itself as 
suggested, for instance, the effects of glacial retreat on rock slopes (glacial debutressing, i.e., lateral stress release 
resulting from ice melting44–46). Furthermore, in the context of permafrost, the possible development of a new 
active layer after the collapse of a significant thickness (> 10 m) can be assessed by quantifying the morphologi-
cal evolution of the large scars.

To address this need, we monitored the west face of the Drus (3754 m a.s.l.), an iconic peak of the Chamonix-
Mont-Blanc Valley (Mont Blanc massif, France), using a medium-range TLS and then a long-range TLS. The 
Drus west face is subvertical, 1000 m high and consists of Hercynian granitic rocks. It was affected by several 
significant collapses during the second half of the twentieth century and by a large rockfall event20,47 (292,680 m3) 
on 29–30 June 2005, which completely wiped out the Bonatti Pillar and significantly modified the morphology of 
the rock face. Rock failure activity that affected the west face of the Drus following this major event is analyzed 
in detail using the diachronic comparison of 12 high-resolution 3D models, which were acquired yearly between 
October 2005 and September 2016.

Study site
Geological setting.  The Mont Blanc massif is a mountain range characterized by an extraordinary com-
bination of glaciers, rock walls and peaks, of which a dozen exceed 4000 m a.s.l. From a geographical point of 
view, the Mont Blanc massif (550 km2) is located in the northwestern Alps between France, Italy, and Switzerland 
(Fig. 1a). The Drus (3754 m a.s.l.) are located northeast of the town of Chamonix (Haute-Savoie, France) and 
consist exclusively of the Mont Blanc granite belonging to the Helvetic crystalline basement of the internal Mont 
Blanc massif48,49 (Fig. 1b). The Mont Blanc granite outcrops into a large lenticular structure that extends along a 
northeast-southwest axis over 37 km, which is delimited to the NW by the faille de l’Angle50 (“de l’Angle fault” in 
Fig. 1b) and to the SE by the para-autochthonous sedimentary cover of the Wildhorn nappe (Fig. 1b). The Mont 
Blanc granite is a coarse-grained calc-alkaline granite dating back to 305 ± 2 million years51–53, which formed 
during the Hercynian orogeny. In the west face of the Drus, the Mont Blanc granite presents a very fractured 
facies (Fig. 1c–f) mainly characterized by two very persistent subvertical joint sets (mean trace length of 80 m) 
oriented 238°/68° and 303°/79°, respectively20,47,54. In combination with many deep overhangs (and especially 
those oriented 106°/33°), the morphology of the west face is carved by dihedral structures that promote the 
destabilization of large rock compartments.

Morphological evolution of the west face between 1850 and 2005.  The first photographs of the 
west face of the Drus (in the form of glass plates essentially) were taken20 from 1850 to 1870. These historical 
documents determined that the first rockfall scar (located approximately 3160 m a.s.l.; Fig. 1c) that affected the 
Bonatti Pillar was prior to 1850. From the end of the Little Ice Age to the middle of the twentieth century, only 
three major rockfall events were identified in 1905, 1936 and 1950 (Fig. 1c). The volumes estimated20 are 9000 
m3, 5500 m3 and 20,000 m3, respectively. In addition, it is worth noting that the 1934 and 1950 rockfall scars are 
located directly below and above the limits of the 1850 rockfall scar (Fig. 1c). From the 1950s onwards, the rock 
failure dynamics progressively accelerated as five major events were detected between 1974 and 2005, including 
four between 1992 and 2005 (Fig. 1c). Typical of progressive overhang-type failures (e.g., the 1920 rockfall events 
that occurred on the Italian side of the Mont Blanc massif in the east face of the Grand Pilier d’Angle12,55,56), the 
rockfall events propagated upward from the location of the 1950 scar. Despite a slight decline in 2003, the vol-
umes associated with the 1974–2005 period gradually increased (Fig. 1c), resulting in the complete disappear-
ance of the Bonatti Pillar on 29–30 June 2005 due to a large rockfall event20,47 of 292,680 m3. This event generated 
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a large 700-m-high and 80-m-wide gray scar (Fig. 1e), whose debris covered the upper part of the Drus glacier 
and its morainic complex (Fig. 2a), located at the base of the rock wall.

Materials and methods
TLS data acquisition.  Thirteen TLS measurement campaigns were conducted (each autumn) between 
October 2005 and September 2016 with two data acquisitions in 2011. The TLS measurements from October 
2005 to September 2011 (7 acquisitions) were carried out from the Flammes de Pierre ridge (FP—3360 m a.s.l.; 
Fig. 2b,c) using a medium-range laser scanner (Optech ILRIS-3D; specifications listed in Table 1). However, due 
to a technical problem (defective scanner), the September 2009 data could not be used for the diachronic com-
parisons. From this first viewpoint located at an average distance of 400 m from the rock wall, the collection of 
three scenes (acquired from the same TLS position) with an average vertical overlap of 30% was needed to scan 

Figure 1.   Location, geologic setting and rockfall event history of the study area. (a) Topographic map of 
the Mont Blanc massif located in the northwestern Alps between France (F), Italy (I), and Switzerland (CH); 
topographic credit: 2020 Swisstopo. The red frame indicates the location of the Drus (3754 m a.s.l.) within the 
Chamonix-Mont-Blanc Valley. (b) Geotectonic map of the Mont Blanc massif. This map was produced using 
vector data from the Swiss western Alps’ tectonic map119 at 1:100,000. C = Courmayeur; C-M-B = Chamonix-
Mont-Blanc; M = Martigny. (c) Spatiotemporal reconstitution (elevation in m a.s.l.) of the main historical 
rockfall events that occurred in the west face of the Drus between 1850 and 2005. Estimated volumes20,47: 
1905 = 9000 m3; 1936 = 5500 m3; 1950 = 20,000 m3; 1974 = 350 m3; 1992 = 1750 m3; 1997 = 27,500 m3; 2003 = 6500 
m3; 2005 = 292,680 m3. (d–f) Evolution of the face between 1996 and 2012; photographic credit: Éric Vola 
(photographs reproduced under an open access license CC BY). Three major collapses affected it in Jun. 2005, 
Sep. 2011 and Oct. 2011.
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the entire June 2005 rockfall scar (see Supplementary Fig. 1a). Due to the difficulty of access (helicopter toe in 
drop-off) and the narrowness of the Flammes de Pierre ridge, no other TLS position could be used to complete 
the point clouds (i.e., fill in holes due to areas masked by the relief). From November 2011, all TLS measure-
ments (6 acquisitions) were acquired from the northwestern lateral moraine of the Drus glacier (DG— 2520 m 
a.s.l.; Fig. 2a,b) using a long-range laser scanner (Optech ILRIS-LR; specifications listed in Table 1). This second 
viewpoint was located at an average distance of 1 km from the rock wall, and a single scene was sufficient to scan 
the entire west face. The two laser scanners have a manufactured-specified accuracy57 of 7 mm for the distance 
to a single point at a range of 100 m (Table 1). In terms of resolution, the resulting TLS data consist of an aver-
age of 10.1 million points over the 2005–2011 period and an average of 17.3 million points over the 2011–2016 
period. When compared to the respective scanned surface areas (108,400 m2 then 266,700 m2), these values give 
an average surface density of 93 pts/m2 (i.e., a point-to-point spacing of 10.4 cm; see Supplementary Fig. 1b) 
for point clouds acquired from the FP viewpoint and of 58 pts/m2 (i.e., a point-to-point spacing of 13.1 cm; see 
Supplementary Fig. 2a) for point clouds acquired from the DG viewpoint. However, in the overlapping areas 
(case of the scenes acquired from the FP viewpoint) and in the areas closest to the TLS position (e.g., the lower 
part of the west face for the DG viewpoint), the surface density is locally higher. Thus, within these areas, the 
surface density can reach over 150 pts/m2 for the FP viewpoint (i.e., a point-to-point spacing of 8.2 cm; see 

Figure 2.   Terrestrial LiDAR data collection performed between Oct. 2005 and Sep. 2016. (a) Viewpoint used 
from Nov. 2011 to Sep. 2016. The Optech ILRIS-LR scanner is positioned on the northwestern lateral moraine 
of the Drus glacier (DG; location in Panel (b) at 2520 m a.s.l. From this viewpoint, the average distance with the 
rock wall is 1 km. (b) Location of both viewpoints (circles) and limits of the corresponding scanned surfaces 
(frames). Green color is attributed to the 2005–2011 period, and yellow color is attributed to the 2011–2016 
period; the scanned rock surfaces are 108,400 m2 and 266,700 m2, respectively. (c) Viewpoint used from Oct. 
2005 to Sep. 2011. The Optech ILRIS-3D scanner is positioned on the Flammes de Pierre ridge (FP; location in 
Panel (b)) at 3360 m a.s.l. From this viewpoint, the average distance from the rock wall is 400 m.

Table 1.   Main specifications of the two terrestrial laser scanners used.

Parameter Optech ILRIS-3D Optech ILRIS-LR

Range (80% reflectivity) 1200 m 3000 m

Range (10% reflectivity) 400 m 1330 m

Laser repetition rate 2500 Hz 10,000 Hz

Raw range accuracy 7 mm @ 100 m

Raw angle accuracy 8 mm @ 100 m (80 µrad)

Field of view 40° × 40°

Maximum density (point-to-point spacing) 2 cm @ 1000 m

Beam diameter 22 mm @ 100 m 27 mm @ 100 m

Beam divergence 0.009740° (170 µrad) 0.014324° (250 µrad)

Laser wavelength 1535 nm 1064 nm
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Supplementary Fig. 1b), and over 90 pts/m2 for the DG viewpoint (i.e., a point-to-point spacing of 10.5 cm; see 
Supplementary Fig. 2a).

TLS data registration.  Due to the absence of vegetation at that altitude, data registration required four 
steps: (1) point-to-point coarse alignment on the October 2005 georeferenced point cloud47; (2) precise point-
to-point alignment considering only the stable parts; (3) generation of the successive references meshes; and 
(4) point-to-surface alignment on stable parts. Step 1 consisted of manually selecting several pairs of com-
mon points (at least three) between the models at ti (reference acquisition) and ti+1 to roughly align the point 
clouds. Step 2 involved a manual selection of the stable parts (areas outside the June 2005 rockfall scar, see Sup-
plementary Fig. 2b), followed by application of the point-to-point iterative closest point (ICP) algorithms58,59 
implemented in CloudCompare60 software. Point-to-point ICP algorithms aims at finding the geometric trans-
formation between a point cloud to be align and a reference point cloud (considered fixed), by minimizing the 
mean square errors between the corresponding points58,59. The term “iterative” derives from the fact that the 
correspondences are reconsidered as the solution comes closer to the error local minimum. Basically, the itera-
tive ICP algorithms’ steps are61,62: (a) searching for matches between the two point clouds; (b) estimating of a 
roto-translation matrix using a root mean square point-to-point distance metric minimization technique, which 
will best align each point to be align to its match found in the reference point cloud; (c) transforming the point 
cloud to be align using the determined geometric transformation; and (d) iterating of the three previous steps 
to minimize the root mean square error. Once the stable parts are aligned, all the areas considered potentially 
unstable were transformed according to the roto-translation matrices determined for the stable parts. Alignment 
accuracy being one of the leading error sources affecting change detection between two 3D models38,63,64, the 
point-to-surface iterative ICP algorithms65 have also been used. Thus, we transformed each reference acquisition 
into a triangular mesh using the Poisson surface reconstruction algorithms66 implemented in 3DReshaper67 soft-
ware. This third step was carried out by keeping all the points of each TLS model (no subsampling) and choos-
ing a maximum length of 3 m for the triangle edge to fill most existing holes in the point cloud (areas masked 
by the terrain relief). When applied over exactly the same stable areas defined in step 2, point-to-surface ICP 
algorithms optimize the registration required for point-to-mesh change detections. At the end of this process, 
a point-to-surface standard deviation of ± 3.5 cm (confidence interval given by 2σ) characterizes the alignment 
of 2005–2011 data in stable areas. Over the 2011–2016 period (DG viewpoint), the point-to-surface standard 
deviation is ± 4.8 cm.

Change detection and noise filtering.  Surface changes between two 3D models were determined by the 
calculation of the shortest orthogonal distance68 between a point and the nearest triangle of the mesh. Neverthe-
less, to smooth the residual error induced by the instrumental measurement noise and/or by poor atmospheric 
conditions (e.g., rising mist or hot air circulation69), a spatial noise filter70 was applied to the raw distances. 
Based on the nearest neighbor averaging method71,72, this algorithm allows denoising of the raw distance values 
by filtering the instrumental error70. In this study, the averaging process was performed using the nearest 100 
neighbors. After noise filtering, the point-to-surface standard deviations (2σ) in stable areas were ± 2.7 cm for the 
2005–2011 period and ± 3.5 cm for the 2011–2016 period. Although a last step of noise filtering is applied during 
the rockfall source extraction (see step 3 described in the following section), we used the abovementioned values 
to define the level of detection at 95% (LoD95%) of the filtered point-to-mesh comparisons.

Rockfall source identification and volume calculation.  Extraction of the two point clusters belong-
ing to rockfall sources (collapsed surface and scar; see Supplementary Fig. 3a) was performed using a semi-auto-
matic method47. The first two steps of this method are relative to the LoD95% defined above and include (1) attri-
bution of three colors to separate the negative and positive deviations located on both sides of the LoD95% into 
three categories (which alone represents one category), and (2) splitting of the 3D model into three distinct parts 
to keep only the point clusters with a negative difference greater than the LoD95%. The last two steps are common 
to another method73 recently developed and use the following two algorithms: (3) the Nearest-Neighbor Clutter 
Removal algorithm74 is used to separate the residual noise and the points belonging to rockfall sources into two 
classes, and (4) the density-based clustering algorithm75 DBSCAN is used to individualize each point cluster of 
the “rockfall sources class”.

All rockfall source volumes were calculated by generating closed triangular meshes using 3DReshaper soft-
ware. The volume is calculated as the sum of all the tetrahedron volumes contained inside the closed mesh. For 
each volume, the following three steps were performed: (a) generation of two separate meshes (collapsed surface 
and scar) by keeping all the points of the two extracted clusters (see Supplementary Fig. 3b); (b) generation of 
a third mesh connecting the outer contours of the first two meshes and filling holes that may be present within 
them (see Supplementary Fig. 3c,d); and (c) merging of the three meshes obtained. Nevertheless, it should be 
specified that filling of the holes due to areas masked by the relief or attenuation of the laser beam with increas-
ing range during TLS data acquisition concerned only 9% of the detected rockfall events (including the three 
largest). As noted by three recent studies76–78, hole filling, which involves 3D surface reconstruction, is a cru-
cial step that influences volumetric calculations and hence rockfall source volume-frequency relationships. In 
addition, ensuring that a mesh is topologically correct (i.e., fully watertight (free of holes), free of intersecting 
or overlapping triangles, and with consistent normal orientation) require significant manual editing which is 
time-consuming76,77. Despite the various semi-automatic methods76,77,79,80 developed for this purpose in recent 
years, manual and individual hole filling was performed in this study. Thus, each hole has been filled with large 
triangles constrained by the radius of curvature fitting at best the orientation of the facets located at the hole edge 
(see Supplementary Fig. 3c,d). Although this approach involves a degree of subjectivity, being able to manually 
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test several solutions of 3D surface reconstruction by holes allows to adapt to the morphology of each occlusion 
and to reconstruct as well as possible the topographic surfaces not scanned.

The volumetric error is defined as the sum of the errors associated with the volume of each tetrahedron, which 
involves the product of the area of its triangular base by its height. Thus, the uncertainty in volume estimates is 
influenced by the chosen LoD95% (which depends on the registration error and amount of residual noise) and by 
the surface area (which depends on the shape) of each rockfall source. Therefore, considering the abovementioned 
LoD95% and average point-to-point spacings, the minimum detectable volumes of rockfall source associated with 
each viewpoint are 2.9 × 10−4 m3 and 6.0 × 10−4 m3, respectively. However, these values are given as an indication 
since they correspond to collapsed surfaces delimited by an agglomeration of only four points (i.e., two triangles). 
For this study, we considered that at least a surface agglomeration of 6 to 8 points was needed to be certain that it 
was a true rockfall event. Based on this assumption, the filtered minimum detectable volumes of rockfall source 
are between 5.8 × 10−4 and 1.1 × 10−3 m3 for the FP viewpoint and between 1.2 × 10−3 and 2.4 × 10−3 m3 for the DG 
viewpoint. To better approximate the volume, four geometric forms have been integrated into error calculations: 
cubic, rectangular parallelepiped, triangular prism and complex (combination of at least two of the first three 
geometries). Overall, although the volume uncertainty depends on the resolution of the point clouds, it appears 
clear (see examples in Supplementary Table 1) that smaller rockfall sources have a higher volumetric error and 
that very elongated shapes tend to increase the margin of uncertainty. In this study, the uncertainty values vary 
between 0.9 and 29.3% for the 2005–2011 period (values obtained for the maximum and minimum volumes of 
17,456 m3 and 0.002 m3; Table 2) and between 1.3 and 22.8% for the 2011–2016 period (values obtained for the 
maximum and minimum volumes of 41,810 m3 and 0.01 m3; Table 2).

Volume‑frequency relationship of rockfall sources.  Once the volume has been estimated, a rela-
tionship between the magnitude and the frequency of failures can be defined. Many rockfall source volume 
distributions obtained from historical inventories24,30,31,33,34, a network of observers28, or high-resolution TLS 
monitoring36,40,42,81,82 show that the relationship between volume and cumulative frequency can be expressed by 
negative power laws of the form:

where F(v > V) is the cumulative number of rockfall sources per time unit larger than the volume V, α is the 
intercept, and β is the exponent24. An increase in the α-value indicates a rise in the rock failure frequency, and 
an increase in the β-value indicates a rise in the proportion of small volumes compared with larger volumes36.

Rockfall source volume-frequency distributions were fitted with power laws using the maximum likelihood 
method, as suggested by many authors32,42,83,84. The maximum likelihood estimate for β in the case of a pure 
power-law distribution is defined by the following equation85:

with a standard deviation for β determined by the following equation:

where V0 is the minimum volume used in the power law fit, < log(V) > is the average volume of the events larger 
than V0, and N0 is the number of events with a volume larger than V0. The coefficient of determination R2, 
the sum of the squared estimate of errors (SSE) and the root mean square error (RMSE) were calculated (see 

(1)F(v > V) = αV−β

(2)β =
1

[〈

log (V)
〉

− log (V0)
]

(3)σβ =
β

√
N0

Table 2.   Rockfall source inventory for each monitored period. a 3D model from a previous study47. FP 
Flammes de Pierre ridge, DG Drus glacier.

Monitoring period
Data sources for 
detection Viewpoint

Number of rockfall 
sources Volume range (m3)

Cumulative volume 
(m3)

Jun. 2005 SfMa–TLS – 1 292,680 292,680

Oct. 05–Oct. 06 TLS–TLS FP 73 0.005–475.9 556.6

Oct. 06–Sep. 07 TLS–TLS FP 46 0.003–18.8 63.4

Sep. 07–Sep. 08 TLS–TLS FP 18 0.002–15.6 41.4

Sep. 08–Oct. 10 TLS–TLS FP 37 0.002–2228 2643

Oct. 10–Sep. 11 TLS–TLS FP 74 0.002–17,456 17,913

Sep. 11–Nov. 11 TLS–TLS FP and DG 1 41,810 41,810

Nov. 11–Oct. 12 TLS–TLS DG 35 0.02–130.2 249.4

Oct. 12–Oct. 13 TLS–TLS DG 5 0.16–1.4 2.2

Oct. 13–Sep. 14 TLS–TLS DG 2 0.05–0.6 0.6

Sep. 14–Nov. 15 TLS–TLS DG 13 0.03–2.1 5.6

Nov. 15–Sep. 16 TLS–TLS DG 3 0.01–0.4 0.5
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Supplementary Tables 1 and 2) to test whether a power law is a plausible fit based on the values determined for 
α, β and V0. More specifically, the combination of an R2 value close to 1 and SSE-RMSE values close to 0 indicates 
that the observed data fit very well with the tested distribution law.

Results and discussion
Morphological evolution of the rock face between 2005 and 2016.  During the 11-year investiga-
tion period, 307 rockfall sources were detected in the west face of the Drus (Table 2). Figures 3 and 4 provide an 
overview of the time and location of all rockfall sources detected between October 2005 and September 2016. 
The majority of rockfall sources (approximately three-fifths) are located within the June 2005 rockfall scar area 
(i.e., within 31,300 m2); nevertheless, there were more rockfall sources in the upper half of the scar (103 sources) 
than in the lower half (75 sources) (Fig. 4). The other rockfall sources are situated on both sides of the lower part 
of the June 2005 scar, and some of them probably correspond to the rock detached by the impact from rockfalls 
above (Figs. 3 and 4).

Following the large rockfall event of 29–30 June 2005 (Figs. 3a and 4a), 137 rockfall sources ranging between 
0.002 and 476 m3 were detected between October 2005 and September 2008. Table 2 and Fig. 5a show that rock 
failure activity gradually decreased during this period, as the annual number of sources detected fell from 73 to 
46 and then to 18. Similarly, the annual eroded volume (Fig. 5b) followed the same trend since the largest rockfall 
sources were detected in 2005–2006 (Table 2; Figs. 3 and 4). Thus, the period from October 2005 to September 
2008 is considered to be a period of rock failure activity decay.

During our monitoring, the largest rockfall events occurred between September 2008 and October 2011. 
Precisely dated thanks to a network of observers26, a first overhanging volume of 2228 m3, located at 3340 m 
a.s.l., detached on 03 September 2009 (Figs. 3, 4 and 6). Directly above this compartment, two major collapses 
of 17,456 m3 and 41,810 m3 occurred on 11 September 2011 and 30 October 2011, respectively (Figs. 3, 4 and 
7). Although the analysis of the 2008–2010 period is biased due to the technical problem that occurred during 
the September 2009 acquisition and it is not known whether activity continued to decrease between September 
2008 and 03 September 2009, it still appears that the rock failure activity increased between September 2008 
and September 2011 (Table 2 and Fig. 5). Rising from 37 rockfall sources detected in 2008–2010 to 74 sources 
in 2010–2011, the rock failure activity has increased in both number and volume (Table 2 and Fig. 5) until the 
collapse that occurred on 30 October 2011. Consequently, the period from October 2008 to October 2011 is 
considered to be a destabilization phase.

The last monitoring period (November 2011-September 2016) was marked by 58 rockfall sources ranging 
from 0.01 to 130 m3 (Table 2). This period is similar to the 2005–2008 period since (1) rock failure activity (in 
terms of annual number and eroded volume) decreased globally from year to year (Fig. 5), and (2) the largest 
rockfall sources were detected during the first year following the major collapse on 30 October 2011 (Table 2). 
Therefore, despite the slight increase in the number and volume of rockfall sources in 2014–2015, the 2011–2016 
period is also considered to be a period of rock failure activity decay.

Analysis of the 2008–2011 rockfall event sequence.  The retrogressive erosion dynamic that destroyed 
the 300-m-high pillar between 2008 and 2011 (Figs. 3c and 4b) is very reminiscent of the one that wiped out the 
Bonatti Pillar in June 2005 (Fig. 1c), for which the retrogressive erosion has likely began more than a century 
before, as indicated by the visible scar in photographs from the 1850s. Not only did instabilities (successive 
failures of overhangs) propagate upwards, but the involved volumes also increased between 2008 and 2010. A 
similar erosion system has recently been highlighted40,86 by means of TLS and SfM monitoring performed in the 
southeast face of El Capitan (2307 m a.s.l.) in California (Yosemite National Park, USA). This survey revealed 
that the major rockfall events (cumulated volume > 10,000 m3) of September 2017 (which left one person dead 
and others injured) were actually linked to a first rock failure of 650 m3, which occurred in October 2010 and was 
located in the lower part of the rock wall. Although several types of plutonic rocks (mainly granites and diorites) 
outcrop in the southeast face of El Capitan87 and rock failure activity in Yosemite National Park is often related 
to detachments of exfoliation sheets35,88–91, it is interesting to find similarities in the spatial progression of large 
rockfall events within granitic rock faces.

Figure 4b provides information on the amount and location of small rockfall sources that affected the 
300-m-high pillar before its disappearance during autumn 2011. It turns out that 23 rockfall sources were 
detected within the pillar between June 2005 and September 2011 and that 90% of them were located near the 
pillar’s lateral limits. This kind of pre-collapse activity involving small rockfall sources near the boundaries of a 
future larger scar has been noticed by several authors40–42,92–94 and is probably induced by progressive pre-failure 
deformations.

The analysis of surface changes detected between September 2008 and October 2010 does not reveal any 
particular change pattern around the collapsed compartment of 2228 m3 (Fig. 6c). In other words, no short-
term (time lapse smaller than the acquisition interval) precursor deformation to the 11 September 2011 rockfall 
event could be identified with this comparison. In addition, the only volume changes that did not correspond to 
rockfall sources were caused by snow accumulations (represented by positive deviations) or snow melt (negative 
deviations); these areas were identified by photo comparison.

The point-to-mesh comparison from October 2010 to September 2011 reveals an interesting outward defor-
mation pattern located directly above the upper limit of the 11 September 2011 rockfall event (Fig. 7a,c). Char-
acterized by a maximum deformation of + 9.3 cm (+ 6.5 cm on average), this deformation pattern was probably 
generated during or immediately after the 11 September 2011 rockfall event. Furthermore, it probably represents 
a precursory movement of the 30 October 2011 rockfall event since the lower limits of the deformation pattern 
(Fig. 7b,d) correspond very precisely to the lower limits of this event. Therefore, an outward rotational movement 
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along the vertical axis affected the base of the remaining pillar (over the first 50 m) a month and a half before it 
collapsed. However, the detection of this pre-failure deformation brings to mind the 2017 rockfall event sequence 
from El Capitan because following the collapse of a 180 m3 rock sheet, another 23-m-high and 14-m-wide rock 
sheet (10-cm-thick) located immediately above the rockfall scar was also affected by a rotational movement along 
the vertical axis79. Thus, this type of tearing mechanism that occurs at the failure time not only affects thin rock 
slabs but can also affect rock compartments that are tens of meters thick.

Figure 3.   Six years of rockfall source inventory highlighted for the Drus west face by means of TLS monitoring. 
(a), (b) A total of 249 rockfall sources ranging from 0.002 to 41,810 m3 were detected between Oct. 2005 and 
Nov. 2011. Colors assigned to the different monitoring periods allow tracking of the spatial and temporal 
progression of rock failures (numbers specified in Table 2). The dark blue mesh representing the Jun. 2005 
rockfall event is from a previous study47. Background topographic surface: Sep. 2011 mesh textured with five 
pictures. (c) Details of the collapsed pillar between Sep. 2008 and Nov. 2011. (d), (e) Details of the rock failure 
activity detected in the highest part of the Jun. 2005 rockfall scar. A total of 39 rockfall sources ranging from 
0.002 to 476 m3 were detected in this area. Panel (e) shows the 7 rockfall sources that occurred within the 
rockfall scar of 476 m3. (f) Details of the impact zone located downstream of the active area shown in Panels (d) 
and (e). A total of 78 rockfall sources ranging from 0.005 to 67.8 m3 were detected in this area.
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Temporal evolution of rockfall source number and eroded volume.  The histograms in Fig. 5 pro-
vide better visualization of the three periods of rock failure activity that characterize the 11 years of monitoring. 
As already discussed above, two periods of rock failure activity decay (2005–2008, then 2011–2016; now called 
Period 1 and Period 3, respectively) bracket a destabilization phase in 2008–2011 (Period 2). Whether for Period 
1 or Period 3, the annual evolution of the rockfall source number after a major collapse follows a rapid exponen-
tial decay (Fig. 5b): for Period 1, this number was divided by a factor of 4 within three years, and for Period 3, this 
number was divided by a factor of 17.5 during the same time interval (Table 2). Based on these two exponential 

Figure 4.   Eleven years of rockfall source inventory highlighted for the Drus west face by means of TLS 
monitoring. (a–c) A total of 307 rockfall sources, ranging from 0.002 to 41,810 m3 were detected between 
Oct. 2005 and Sep. 2016. Colors assigned to the different monitoring periods allow tracking of the spatial and 
temporal progression of rock failures (numbers specified in Table 2). The dark blue mesh representing the Jun. 
2005 rockfall event is from a previous study47. Background topographic surface: Sep. 2016 mesh textured with 
a gigapixel panorama. (d) Details of the rock failure activity detected in the upper part of the Jun. 2005 rockfall 
scar. A total of 101 rockfall sources ranging from 0.002 to 41,810 m3 were detected in this area. (e) Details of 
the rock failure activity detected in the lower part of the Jun. 2005 rockfall scar. A total of 92 rockfall sources 
ranging from 0.02 to 17,456 m3 were detected in this area. (f) Details of the rock failure activity detected in the 
impact zone (Fig. 3f). A total of 104 rockfall sources ranging from 0.005 to 67.8 m3 were detected in this area.
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decay laws, the theoretical decay time to reach a new state of slope stability (annual rock failure activity close to 
zero) is 8.2 ± 0.2 years for an event of approximately 300,000 m3 and 3.4 ± 0.6 years for an event of approximately 
40,000 m3. The trend is similar for the annual evolution of the eroded volume, but this time (the values of R2 
being higher with power-law decays than with exponential decays: 0.97 instead of 0.87 for Period 1 and 0.87 
instead of 0.70 for Period 2), the decrease follows a power-law decay (Fig. 5d). Furthermore, it is interesting to 
highlight that the slopes of both fitted power-law relationships for Period 1 and Period 3 are almost identical 
(βEv = 6.42 and 6.23) and that the annual eroded volume decreased by four to five orders of magnitude within 
three years.

Due to the progressive search for a new slope stability imposed by a major event45,95, this kind of decay (for 
both the number of post-failure events and the eroded volume) may seem to be a fairly natural trend: small-
scale mechanical readjustments would thus take place quickly after a significant destabilization. However, it 
should be specified that this phenomenon has been little observed for rockfall scars and even less quantified. 
A relevant example92 comes from Yosemite Valley. Following a major rockfall event of more than40 20,000 m3, 
which affected the southeast face of Middle Brother in March 1987, the U.S. National Park Service monitored 
(daily observations) the post-failure rockfall activity for 3 months. According to this survey, the overall decay 
in the average rate of daily rockfall event number followed a negative power-law relationship with a βN value of 
1.58 (R2 = 0.62). In our study, power-law fitting curves were also tested for the annual number of rock failures, 
but for both Period 1 and Period 3, the values of R2 were higher with exponential decays (0.98 instead of 0.91 
for Period 1; 0.77 instead of 0.40 for Period 2). In any case, the decay in rock failure activity after a large rockfall 
event reflects the redistribution of stresses within the rock mass, which tends to reach a new state of stability. 

Figure 5.   Rock failure activity statistics of the Drus west face between 2005 and 2016. Three periods have been 
determined: (1) the post-large rockfall event period (Jun. 2005–Sep. 2008); (2) the transition period prior to the 
major rockfall events of autumn 2011 (Sep. 2008–Sep. 2011; period marked by a defective scanner in Sep. 2009); 
and (3) the post-2011 collapse period (Oct. 2011–Sep. 2016). (a) Temporal evolution of the rockfall source 
number since Jun. 2005. (b) Exponential decays of rockfall source number since the major collapses in Jun. 2005 
and Oct. 2011. Goodness-of-fit indicator: Period 1: R2 = 0.975; Period 3 R2 = 0.770. (c) Temporal evolution of the 
eroded volume since Jun. 2005. (d) Power law decays of eroded volume since the major collapses in Jun. 2005 
and Oct. 2011 (semi-logarithmic graph). Goodness-of-fit indicator: Period 1: R2 = 0.972; Period 3: R2 = 0.867.
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Well-known phenomenon in the field of seismology, this mechanism of stress redistribution is regularly observed 
after a main shock with a decrease in aftershock activity96–98.

However, the high number of rockfall sources detected between 2005 and 2016 should not obscure the fact 
that our monitoring is subject to several biases. The first is related to the differences between the two viewpoints 
because even though there are some overlapping areas between the FP and DG point clouds, the two topographies 
complement each other. Thus, the areas masked by the lateral perspective of the 2005–2011 period acquisitions 
are not the same as those of the 2011–2016 period (frontal perspective). Furthermore, before November 2011, 
the entire lower part of the rock wall was not scanned (Fig. 2b), which means that the rock failures that affected 
the base of the rock face between 2005 and 2011 were not detected. By contrast, due to the shorter distance from 
the rock face, the resolution of point clouds acquired before November 2011 is 1.4 times higher. This factor, 
along with a better LoD95% (± 2.7 cm instead of ± 3.5 cm), explains why rockfall sources below 0.01 m3 were only 
detected between October 2005 and September 2011 (Table 2). Due to this difference in resolution, it is therefore 
likely that the number of small rock failures involved during the 2011–2016 period is strongly underestimated.

The other sources of bias are due to the effects of coalescence and superimposition42 because our infrequent 
interval of monitoring (one acquisition per year) likely exceeds the return periods of many rock failures. Thus, it 
is likely that a large number of rock failures (and the probability increases with larger volumes) detected as single 
events have actually detached into several pieces (aggregated and/or superimposed). The two aforementioned 
effects tend to decrease the total number of rock failures detected and to increase the volume of certain events. 
Due to the technical problem in September 2009, the 2008–2010 period (Fig. 3) is therefore more subject to 
the effects of coalescence and superimposition than other periods, especially the 2228 m3 volume that could 
be linked to more than one event even though the main event was precisely dated. For the major collapses in 
September and October 2011, these effects are proven since the network of rockfall observers in the Mont Blanc 
massif reports three rockfall events on 10–11 September 2011 and two rockfall events on 29–30 October 2011. 
However, despite this information, no photograph allowed to precisely delimit each event. Last, it is important 
to again specify that the coalescence and superimposition effects do not influence the values of cumulative rock 
failure volumes (i.e., those shown in Table 2 and Fig. 5). Thus, this difference with the number of detected rock 
failures emphasizes the high reliability of the results presented in Fig. 5.

Rockfall source volume‑frequency distributions.  The analysis of rockfall source frequencies was car-
ried out based on the following two cases: (1) each monitored period is considered to be independent, and (2) 

Figure 6.   Results of the comparison between the Sep. 2008 and Oct. 2010 data. (a) Filtered point-to-mesh 
differences between the 2008 mesh and the 2010 point cloud. Positive deviations are associated with border 
effects (bottom of the rock face) and snow accumulation (purple ellipse-Panel (b)). Blue areas have differences 
less than the LoD95% (2σ) of ± 2.7 cm. Negative surface changes correspond to either snow-melt areas (green 
ellipse) or to detachment areas (rockfall sources and impacts); rockfall source number and volume range are 
specified in Table 2. (b) Details of the rock failure activity detected in the highest part of the Jun. 2005 rockfall 
scar. (c) Details of the largest rockfall event (maximum thickness: 9.4 m) detected between 2008 and 2010; 
following this event, the rest of the pillar located above collapsed in Sep.–Oct. 2011 (Fig. 7).
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all monitored periods are cumulative. Directly influenced by the temporal evolution of the rock failure number 
during monitoring, the results of the first analysis (Figs. 8 and 9; see also Supplementary Table 2) allow the three 
periods described above to be dissociated. Thus, although the goodness-of-fit indicators are low (R2 < 0.970; 
RMSE > 0.150; see also Supplementary Table 2) or biased (R2 = 1 in 2013–2014 because only two sources were 
detected) for the last four years of monitoring (which was expected given the small numbers of rock failures 
detected between 2012 and 2016), the α-value decreases (overall) during Period 1 and Period 3 and increases 
during Period 2 (Figs. 8a and 9a). However, Fig. 9a very clearly shows that the curve representing the variations 
in the α-value is shifted in time by one year compared with the three defined periods. Therefore, although the 
rock failure number is lower in 2006–2007 than in 2005–2006 (and the same for 2011–2012 versus 2010–2011), 
the α-value continues to increase. In both cases, this trend is due to a rise in the proportion of small rock failures 
compared with larger rock failures (Fig. 8a). This result indicates that despite the large volumes that collapsed 
in June 2005 and September–October 2011, the majority of the post-collapse activity consisted of small rock 
failures whose volumes were less than 1 m3. Regarding variations in the β-value, no clear correlation could be 
established with those of the α-value (Fig. 9a) for the first analysis. Nevertheless, it is interesting to note that 

Figure 7.   Results of the comparison between the Oct. 2010 and Nov. 2011 data. (a), (b) Filtered point-to-mesh 
differences between and the 2010 mesh and the Sep. 2011 point cloud and between the Sep. 2011 mesh and 
the Nov. 2011 point cloud (combination of both viewpoints), respectively. Positive deviations correspond to 
either snow accumulation areas or to areas having undergone an outward deformation (Panel (c)). Blue areas 
have differences less than the LoD95% (2σ) of ± 2.7 cm and 3.5 cm (in the overlapping areas). Negative surface 
changes correspond to either snow-melt areas or to detachment areas; rockfall source number and volume range 
are specified in Table 2. (c) Details of the upper part of the 11 Sep. 2011 rockfall event (maximum thickness: 
11.8 m). An outward deformation area (in purple) appears just above this event. The white dashed line shows 
the contour of the deformation area. (d) Details of the lower part of the 30 Oct. 2011 rockfall event (maximum 
thickness: 14.3 m). The lateral limits of the basal section of this event correspond closely with those of the 
deformation pattern highlighted in Panel (c).
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the β-value does not vary greatly and oscillates only between 0.47 and 0.27 from 2005 to 2012 (Fig. 8b; see also 
Supplementary Table 2). Beyond 2012, the low goodness-of-fit indicators do not allow for further interpretation 
(Fig. 9a).

The results of the second analysis (Fig. 9b; see also Supplementary Table 3) can also be divided according to 
the three defined periods. Furthermore, in a similar way (but much clearer) to the results of the first analysis, the 
α-value decreases (with a one-year time lag) during Period 1 and Period 3 and increases (with a one-year time 
lag) during Period 2 (Fig. 9b). However, unlike the first analysis, the temporal evolution of the α-value is anti-
correlated with that of the β-value. Thus, although all the β-values are within a limited range ([0.42; 0.52]; see 
Supplementary Table 3), the β-value decreases when the α-value increases, and vice versa. The one-year time lag 
observed for the cumulative periods is probably the consequence of the effects of coalescence and superimposi-
tion effects because by distorting the number of detected rock failures and their individual volumes, they directly 
influence the parameters of power laws42. Statistically, the monitoring years most prone to these effects are those 
with the largest number of rock failures and/or the highest volumes since the less rock failures there are, the 
greater the probability that the determined volumes correspond well with individual events. In our study, these 
periods are the first year of monitoring and the three years characterizing the destabilization phase. Assuming 
that all the largest volumes detected during these four years of surveying have in fact collapsed into multiple 
pieces, the α-values would significantly increase and would likely remove the observed shift. The redistribution 
of volumes within the power law (which should contain more volumes larger than 1 m3) would simultaneously 
modify the β-values (which should therefore decrease). Consequently, the simultaneous evolution of parameters 
α and β observed in this study can be summarized as follows: (1) during a phase of rock failure activity decay, 
the α-value progressively decreases and the β-value increases; and (2) during a destabilization phase, the α-value 

Figure 8.   Rockfall20,47 source volume-frequency relationships for the Drus west face between Jun. 2005 and Sep. 
2016. (a), (b) Cumulative distribution for each monitored period fitted with power laws (Panel (b)) using the 
maximum likelihood method. Power-law parameters (α, β, R2) are shown in Fig. 9b; their domains of validity 
and goodness-of-fit indicators are specified in Supplementary Table 2. (c), (d) Cumulative distributions for the 
time periods of 1905–Jun. 2005 and Oct. 2005-Sep. 2016 fitted with power laws (Panel (d)) using the maximum 
likelihood method. Black data points are from the historical inventory (Fig. 1c). Goodness-of-fit indicators: 
1905–2005: R2 = 0.971, SSE = 0.087, RMSE = 0.147; 2005–2016: R2 = 0.997, SSE = 0.267, RMSE = 0.040.
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increases and the β-value decreases. This simple conceptual model that characterizes the erosion process that 
affected the Drus west face between 2005 and 2016 is synthesized in Fig. 10. Naturally, this trend needs to be 
confirmed with high frequency surveys such as those implemented for railways41 and coastal cliffs42; however, 
for technical reasons, this kind of monitoring is difficult to implement at high altitude.

The TLS-derived rock failure frequency obtained for the Drus west face over the 2005–2016 period is very 
well fitted (166 events; R2 = 0.997; RMSE = 0.040; see Supplementary Table 3) by a power-law relationship between 
0.1 and 100 m3 (Fig. 8d). Nevertheless, it should be specified that the distribution of volumes is wavy within the 
fitting range since the value of the SSE indicator is greater than 0.2 (see Supplementary Table 3). As with many 
studies82,99–101, the distribution is characterized by a flattening of the curve (commonly known as “rollover”) for 
small volumes (here < 0.1 m3). The rollover is due to a censoring effect102 and reflects an undersampling attrib-
utable to observation biases, part of which includes the monitoring frequency. Over the 2005–2016 period, the 
power-law β-value is 0.48, and its α-value (which reflects the average rock failure activity when considering V = 1 
m3 in Eq. (1)) is 6.3 rock failures larger than 1 m3 per year (Fig. 8d). These values (especially the β-value) are very 
close to those obtained for the historical rockfall events over the 1905–2005 period20, namely, a β-value of 0.45 
and an α-value of 2.6 rock failures larger than 1 m3 per year (Fig. 9b). By way of comparison with the Cretaceous 
granitic cliffs of Yosemite National Park, the power law associated with the 1915–1992 period (catalog of 101 
events31) is characterized by a β-value of 0.46 and an α-value of 4.5 rock failures larger than 1 m3 per year. In the 
case of the southeast face of El Capitan mentioned above, one recent study40 has determined by means of SfM-TLS 
monitoring a power law characterized by a β-value of 0.41 and an α-value of 1.2 rock failures larger than 1 m3 per 
year over the 1976–2017 period. Although significant differences exist between these four databases (number 
of rockfall sources, volume range, length of the observation period, average elevation of rock faces—the highest 
peak in Yosemite Valley is just over 3000 m a.s.l., failure mechanisms, and age of the granites), the comparison 
between these rock failure frequencies seems to show similarities between the erosion processes that shape the 
granitic rock faces of medium and high mountains.

Cliff retreat rates.  The cumulative eroded volume measured between October 2005 and September 2016 
is 63,331 m3 (Fig. 8d; Table 2). Between 1905 and June 2005, the historical inventory gives a cumulative volume 
of 363,280 m3 (Figs. 1c and 8d). Thus, in the Drus west face, a total volume of 426,611 m3 collapsed between 
1905 and 2016. By considering the surface area measured by TLS from the DG viewpoint, this last value cor-
responds to a rock wall retreat rate of 14.4 mm year−1. Between June 2005 and October 2011, the retreat rate is 
nearly nine times faster since its value is 121.3 mm year−1. Deeply influenced by the volume of the June 2005 
rockfall event, these rock wall retreat rates are very high compared to those33,82,103–107 usually measured in other 
mountainous regions, which typically vary from 0.01 to < 1.5 mm year−1. Comparing the values is complicated 
because the methods used to obtain these results are different, while the representativeness of the measures 
on which the calculations are based may be insufficient (small study areas, seasonal measures) compared with 
the phenomena studied108. Nevertheless, the very fast retreat rate of the Drus west face probably results from 
accelerated Alpine permafrost degradation109–111 since the early 1990s with ongoing climate change112, which 
makes thermocryogenic processes prepare and trigger rock failures17,18,28,113. The west face of the Drus is indeed 

Figure 9.   Rockfall source power law statistics determined between 2005 and 2016 in the Drus west face. 
Temporal evolution of parameters α and β and the coefficient of determination R2 by considering each 
monitored period as independent (a) or by cumulating the periods (b). The values of α and β are on the left 
y-axis, and the values of R2 are on the right y-axis; α-values have been divided by ten to appear on the graphs. 
The domains of validity and goodness-of-fit indicators of each power law are specified in Supplementary 
Tables 1 and 2, respectively.
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permafrost-affected, as shown by a statistical model114 and temperature measurements carried out 20 m down-
stream from the scanner position (see Fig. 2b), on the north-west slope of the Flammes de Pierre ridge. Between 
15 October 2006 and 13 October 2009, the average temperature of the rock at a depth of 55 cm was − 2.8 °C, indi-
cating conditions of cold permafrost but corresponding to a temperature shown as very favorable to the rockfall 
triggering28. On the one hand, one study20 reported that no ice indicating permafrost conditions was directly 
observed in the scar for the June 2005 rockfall event, but water seepage persisted throughout the summer along 
the scar without heavy rainfalls, suggesting melting of the ice that was previously present in the fractures before 
the collapse. Moreover, there was a strong correlation between the pre-2005 rock failure occurrences and the 
warmest periods over the last 100 years. A paraglacial control affecting the rock wall45,115–117 is to be excluded 
since the Last Glacial Maximum trimline is located 300 m below the 1950 rockfall scar. The same is true for seis-
micity. According to the SisFrance seismic monitoring network, 23 earthquakes with an intensity greater than 
or equal to III were recorded in Chamonix during the 1850–2005 period but none directly triggered a rockfall20. 
In addition, over the 2005–2016 period, no precisely dated event matches an earthquake recorded by the SIS-
Malp and RéNaSS networks for the Mont Blanc region. While the role of earthquakes in preparing for collapse 
is probable, it is difficult to measure it. Thus, permafrost degradation caused by the present climatic warming is 
probably the main triggering factor of most of the main Drus rock failures. For 2005, permafrost degradation 
was more frequent and deep-seated because the Bonatti Pillar received a strong heat flux on its southern aspect, 
and the densely fractured granite promoted active water drainage and heat transfer by advection into the rock 
mass17,118. On the other hand, the 2005 event released a very large volume, which allowed for the establishment 
of a new active layer (surface layer of permafrost that thawed each summer). Thus, the deepening of this active 
layer28 could take part in triggering certain events, such as those 2011, since ice was observed within the 30 
October 2011 rockfall scar (Fig. 11). Note that the structural arrangement of the rock face favors the formation 
of subvertical overhanging rock pillars47,54 prone to instabilities.

Different time scales of observation can affect the relevance of the rock wall retreat rate comparison from 
various rock failure inventories. To assess a long-term averaged total eroded volume, we followed the method36 
of integrating the frequency density multiplied by the rock failure volume V. By considering a time window of 
1000 years with a minimum volume of 10−3 m3 and a maximum volume of 106 m3, a long-term averaged total vol-
ume of 771,500 m3 was determined. This eroded volume corresponds to a long-term retreat rate of 2.9 mm year−1, 
which is a value clearly closer to the range of retreat rates discussed above. In agreement with several studies36,40,82, 
the long-term averaged volume-frequency relationships derived from remote sensing surveys seem to be an 
accurate way to quantify rock failure erosion within mountainous landscapes.

Conclusions
The implementation of TLS monitoring over an 11-year period has made it possible to precisely quantify the 
spatial and temporal evolution of the rock failure activity that affected the Drus west face following the large 
rockfall event of June 2005. By comparing high-resolution terrain models year after year, 307 rockfall sources 

Figure 10.   Conceptual model of the erosion process that affected the Drus west face between 2005 and 2016. 
The eroded volume is represented by a logarithmic scale. Ev = annual eroded volume; N = annual number 
of rockfall sources; α = α-value; β = β-value. The down and up arrows indicate a decrease and an increase, 
respectively. A simultaneous decrease in N and Ev values marks a phase of rock failure activity decay; a 
simultaneous increase in N and Ev values marks a destabilization phase. During a phase of rock failure activity 
decay, the α-value gradually decreases since the N-value decreases with time. The progressive increase in the 
β-value during such a period indicates a rise in the proportion of small volumes compared with larger volumes, 
and thus a progressive decrease in the Ev-value; for the Drus west face, the majority of the post-collapse activity 
consisted of small rock failures whose volumes were less than 1 m3. During a destabilization phase, the α-value 
gradually increases since the N-value increases with time. The decrease in the β-value during such a period 
indicates a gradual rise of rockfall source volumes, which results in an increase in the Ev-value.
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ranging from 0.002 to 41,810 m3 were detected between October 2005 and September 2016. This time window 
is divided into the following three periods: a phase of rock failure activity decay until September 2008, a desta-
bilization phase between September 2008 and November 2011, and a new phase of rock failure activity decay 
from November 2011 to September 2016. The destabilization phase led to the collapse of a pillar of 61,494 m3 
located in the northern part of the June 2005 rockfall scar. Similar to the progressive collapse of the Bonatti Pillar, 
in which the June 2005 event is highlighted, rock failure instability propagated upward (retrogressive erosion) 
with increasing volumes. The two phases of rock failure activity decay are characterized by a number of rock 
failures that decrease exponentially and by an eroded volume that decreases following a power-law distribution. 
A power law fitted over 166 events describes the distribution of volumes detected between 2005 and 2016 with 
an exponent of 0.48 and an average rock failure activity of more than six events larger than 1 m3 per year. Follow-
ing the intense rock failure activity that has affected the rock face since the beginning of the twentieth century, 
the determined rock wall retreat rate is much faster than the retreat rates measured in other high mountainous 
regions. Thus, even though the rock failure activity of the Drus west face is distinguished by its exceptional nature, 
the TLS monitoring performed made it possible to characterize the progressive research of a new slope stability 
imposed by a major rockfall event of almost 300,000 m3 with an unprecedented level of detail. Although subject 
to detection bias due to its low frequency, our long-term monitoring has enabled us to collect valuable informa-
tion on rock failure frequencies within high altitude granitic rock faces, thereby contributing to improving our 
understanding of landscape evolution in mountainous regions.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request.

Received: 5 May 2020; Accepted: 24 September 2020

References
	 1.	 Huggel, C. et al. The 2002 rock/ice avalanche at Kolka/Karmadon, Russian Caucasus: assessment of extraordinary avalanche 

formation and mobility, and application of QuickBird satellite imagery. Nat. Hazards Earth Syst. Sci. 5(2), 173–187 (2005).
	 2.	 Geertsema, M., Clague, J. J., Schwab, J. W. & Evans, S. G. An overview of recent large catastrophic landslides in northern British 

Columbia, Canada. Eng. Geol. 83(1–3), 120–143 (2006).
	 3.	 Lipovsky, P. S. et al. The July 2007 rock and ice avalanches at Mount Steele, St. Elias Mountains, Yukon, Canada. Landslides 5(4), 

445–455 (2008).
	 4.	 Allen, S. K., Cox, S. C. & Owens, I. F. Rock avalanches and other landslides in the central Southern Alps of New Zealand: a 

regional study considering possible climate change impacts. Landslides 8(1), 33–48 (2011).
	 5.	 Bhutiyani, M. R. & Mahto, R. Remote-sensing-based study of impact of a rock avalanche on North Terong Glacier in Karakorum 

Himalaya. Int. J. Remote Sens. 39(22), 8076–8091 (2018).
	 6.	 Frauenfelder, R., Isaksen, K., Lato, M. J. & Noetzli, J. Ground thermal and geomechanical conditions in a permafrost-affected 

high-latitude rock avalanche site (Polvartinden, northern Norway). The Cryosphere 12, 1531–1550 (2018).
	 7.	 Sosio, R., Crosta, G. B. & Hungr, O. Complete dynamic modeling calibration for the Thurwieser rock avalanche (Italian Central 

Alps). Eng. Geol. 100(1), 11–26 (2008).
	 8.	 Pirulli, M. The Thurwieser rock avalanche (Italian Alps): description and dynamic analysis. Eng. Geol. 109(1), 80–92 (2009).
	 9.	 Fischer, L., Amann, F., Moore, J. R. & Huggel, C. Assessment of periglacial slope stability for the 1988 Tschierva rock avalanche 

(Piz Morteratsch, Switzerland). Eng. Geol. 116(1–2), 32–43 (2010).
	 10.	 Deline, P. et al. The December 2008 Crammont rock avalanche, Mont Blanc massif area, Italy. Nat. Hazards Earth Syst. Sci. 

11(12), 3307–3318 (2011).
	 11.	 Haeberli, W. Mountain permafrost—research frontiers and a special long-term challenge. Cold Reg. Sci. Technol. 96, 71–76 

(2013).

Figure 11.   The rockfall event of 30 Oct. 2011 (41,810 m3). (a) The cloud of dust clearly visible from the 
Chamonix-Mont-Blanc valley; photographic credit: Sylvain Chapeland (photograph reproduced under an open 
access license CC BY). (b) A massive amount of ice (red arrows) was present at the top of the scar, indicating 
permafrost conditions.



17

Vol.:(0123456789)

Scientific Reports |        (2020) 10:17330  | https://doi.org/10.1038/s41598-020-74162-1

www.nature.com/scientificreports/

	 12.	 Deline, P., Akçar, N., Ivy-Ochs, S. & Kubik, P. W. Repeated Holocene rock avalanches onto the Brenva Glacier, Mont Blanc massif, 
Italy: a chronology. Quatern. Sci. Rev. 126, 186–200 (2015).

	 13.	 Baer, P., Huggel, C., McArdell, B. W. & Frank, F. Changing debris flow activity after sudden sediment input: a case study from 
the Swiss Alps. Geol. Today 33(6), 216–223 (2017).

	 14.	 Beniston, M. et al. The European mountain cryosphere: a review of its current state, trends, and future challenges. The Cryosphere 
12(2), 759–794 (2018).

	 15.	 Mergili, M., Jaboyedoff, M., Pullarello, J. & Pudasaini, S. P. Back calculation of the 2017 Piz Cengalo–Bondo landslide cascade 
with r. avaflow: what we can do and what we can learn. Nat. Hazards Earth Syst. Sci. 20(2), 505–520 (2020).

	 16.	 Walter, F. et al. Direct observations of a three million cubic meter rock-slope collapse with almost immediate initiation of ensu-
ing debris flows. Geomorphology 351(106933), 1–11 (2020).

	 17.	 Gruber, S. & Haeberli, W. Permafrost in steep bedrock slopes and its temperature-related destabilization following climate 
change. J. Geophys. Res. 112(F2), 1–10 (2007).

	 18.	 Krautblatter, M., Funk, D. & Günzel, F. K. Why permafrost rocks become unstable: a rock–ice-mechanical model in time and 
space. Earth Surf. Proc. Land. 38(8), 876–887 (2013).

	 19.	 Mamot, P., Weber, S., Schröder, T. & Krautblatter, M. A temperature- and stress-controlled failure criterion for ice-filled per-
mafrost rock joints. The Cryosphere 12(10), 3333–3353 (2018).

	 20.	 Ravanel, L. & Deline, P. L. face ouest des Drus (massif du Mont-Blanc): évolution de l’instabilité d’une paroi rocheuse dans la 
haute montagne alpine depuis la fin du petit âge glaciaire. Géomorphologie 14(4), 261–272 (2008).

	 21.	 Ravanel, L. & Deline, P. Climate influence on rockfalls in high-Alpine steep rockwalls: the North side of the Aiguilles de Cha-
monix (Mont-Blanc massif) since the end of the Little Ice Age. The Holocene 21(2), 357–365 (2011).

	 22.	 Huggel, C. et al. Ice thawing, mountains falling—are alpine rock slope failures increasing?. Geol. Today 28(3), 98–104 (2012).
	 23.	 Coe, J. A., Bessette-Kirton, E. K. & Geertsema, M. Increasing rock-avalanche size and mobility in Glacier Bay National Park 

and Preserve, Alaska detected from 1984 to 2016 Landsat imagery. Landslides 15(3), 393–407 (2018).
	 24.	 Brunetti, M. T., Guzzetti, F. & Rossi, M. Probability distributions of landslide volumes. Nonlinear Process. Geophys. 16(2), 179–188 

(2009).
	 25.	 Ravanel, L., Allignol, F., Deline, P., Gruber, S. & Ravello, M. Rock falls in the Mont-Blanc massif in 2007 and 2008. Landslides 

7(4), 493–501 (2010).
	 26.	 Ravanel, L. & Deline, P. A network of observers in the Mont Blanc massif to study rockfalls from high alpine rockwalls. Geografia 

Fisica e Dinamica Quaternaria 36(1), 151–158 (2013).
	 27.	 Ravanel, L., Allignol, F., Deline, P. & Bruno, G. Les écroulements rocheux dans le massif du Mon-Blanc pendant l’été caniculaire 

de 2003. Géovisions 36, 245–261 (2011).
	 28.	 Ravanel, L., Magnin, F. & Deline, P. Impacts of the 2003 and 2015 summer heat waves on permafrost-affected rockwalls in the 

Mont Blanc massif. Sci. Total Environ. 609, 132–143 (2017).
	 29.	 D’Amato, J. et al. Influence of meteorological factors on rockfall occurrence in a middle mountain limestone cliff. Nat. Hazards 

Earth Syst. Sci. 16(3), 719–735 (2016).
	 30.	 Hungr, O., Evans, S. G. & Hazzard, J. Magnitude and frequency of rock falls and rock slides along the main transportation cor-

ridors of southwestern British Columbia. Can. Geotech. J. 36(2), 224–238 (1999).
	 31.	 Dussauge-Peisser, C. et al. Probabilistic approach to rock fall hazard assessment: potential of historical data analysis. Nat. Hazards 

Earth Syst. Sci. 2, 15–26 (2002).
	 32.	 Dussauge, C., Grasso, J.-R. & Helmstetter, A. Statistical analysis of rockfall volume distributions: implications for rockfall 

dynamics. J. Geophys. Res. 108(B6), 2286 (2003).
	 33.	 Guzzetti, F., Reichenbach, P. & Wieczorek, G. F. Rockfall hazard and risk assessment in the Yosemite Valley, California, USA. 

Nat. Hazards Earth Syst. Sci. 3(6), 491–503 (2003).
	 34.	 Hantz, D., Vengeon, J. M. & Dussauge-Peisser, C. An historical, geomechanical and probabilistic approach to rock-fall hazard 

assessment. Nat. Hazards Earth Syst. Sci. 3(6), 693–701 (2003).
	 35.	 Stock, G. M., et al. Historical Rock Falls in Yosemite National Park, California (1857–2011) 17 (U.S. Geological Survey Data Series 

746, 2013).
	 36.	 Barlow, J. et al. Modeling cliff erosion using negative power law scaling of rockfalls. Geomorphology 139, 416–424 (2012).
	 37.	 Westoby, M. J. et al. Cost-effective erosion monitoring of coastal cliffs. Coast. Eng. 138, 152–164 (2018).
	 38.	 Williams, J. G., Rosser, N. J., Hardy, R. J., Brain, M. J. & Afana, A. A. Optimising 4-D surface change detection: an approach for 

capturing rockfall magnitude–frequency. Earth Surf. Dyn. 6(1), 101–119 (2018).
	 39.	 Gilham, J., Barlow, J. & Moore, R. Detection and analysis of mass wasting events in chalk sea cliffs using UAV photogrammetry. 

Eng. Geol. 250, 101–112 (2019).
	 40.	 Guerin, A. et al. Quantifying 40 years of rockfall activity in Yosemite Valley with historical Structure-from-Motion photogram-

metry and terrestrial laser scanning. Geomorphology 356(107069), 1–19 (2020).
	 41.	 van Veen, M., Hutchinson, D. J., Kromer, R. A., Lato, M. & Edwards, T. Effects of sampling interval on the frequency-magnitude 

relationship of rockfalls detected from terrestrial laser scanning using semi-automated methods. Landslides 14(5), 1579–1592 
(2017).

	 42.	 Williams, J. G., Rosser, N. J., Hardy, R. J. & Brain, M. J. The importance of monitoring interval for rockfall magnitude-frequency 
estimation. J. Geophys. Res. Earth Surf. 124, 1–13 (2019).

	 43.	 Hungr, O., Leroueil, S. & Picarelli, L. The Varnes classification of landslide types, an update. Landslides 11(2), 167–194 (2014).
	 44.	 Augustinus, P. C. Glacial valley cross-profile development: the influence of in situ rock stress and rock mass strength, with 

examples from the Southern Alps, New Zealand. Geomorphology 14(2), 87–97 (1995).
	 45.	 Cossart, E., Braucher, R., Fort, M., Bourles, D. L. & Carcaillet, J. Slope instability in relation to glacial debuttressing in alpine areas 

(Upper Durance catchment, southeastern France): evidence from field data and 10Be cosmic ray exposure ages. Geomorphology 
95(1–2), 3–26 (2008).

	 46.	 Geertsema, M. & Chiarle, M. Mass-movement causes: glacier thinning. In Treatise on Geomorphology, Mountain and Hillslope 
Geomorphology Vol. 7 (eds Shroder, J. F. et al.) 217–222 (Elsevier, Amsterdam, 2013).

	 47.	 Guerin, A. et al. 3-D reconstruction of a collapsed rock pillar from Web-retrieved images and terrestrial LiDAR data—the 2005 
event of the west face of the Drus (Mont-Blanc massif). Nat. Hazards Earth Syst. Sci. 17(7), 1207–1220 (2017).

	 48.	 Steck, A., et al. Carte tectonique des Alpes de Suisse occidentale, 1:100 000 (Carte géologique spéciale N°123. – Office fédéral Eaux 
Géologie, Berne, 2000).

	 49.	 Steck, A., Epard, J.-L., Escher, A., Gouffon, Y. & Masson, H. Carte tectonique des Alpes de Suisse occidentale 1:100 000 (Carte 
géologique spéciale N°123, notice explicative. – Office fédéral Eaux Géologie, Berne, 2001).

	 50.	 Epard, J.-L. La nappe de Morcles au sud-ouest du Mont-Blanc, 165 (Mémoires de Géologie (Lausanne), thèse de doctorat, n°8, 
1990).

	 51.	 Bussy, F., Schaltegger, U. & Marro, C. The age of the Mont-Blanc granite (Western Alps): a heterogeneous isotopic system dated 
by Rb-Sr whole rock determinations on its microgranular enclaves. Schweiz. Mineral. Petrogr. Mitt. 69, 3–13 (1989).

	 52.	 von Raumer, J. F. & Bussy, F. Mont Blanc and Aiguilles Rouges, geology of their polymetamorphic basement (External massifs, 
Western Alps, France-Switzerland), 203 (Mémoires de Géologie (Lausanne), n°42, 2004).



18

Vol:.(1234567890)

Scientific Reports |        (2020) 10:17330  | https://doi.org/10.1038/s41598-020-74162-1

www.nature.com/scientificreports/

	 53.	 Egli, D. & Mancktelow, N. The structural history of the Mont Blanc massif with regard to models for its recent exhumation. Swiss 
J. Geosci. 106(3), 469–489 (2013).

	 54.	 Matasci, B. et al. Assessing rockfall susceptibility in steep and overhanging slopes using three-dimensional analysis of failure 
mechanisms. Landslides 15(5), 859–878 (2018).

	 55.	 Brocherel, J. Eboulement et avalanches au Mont Blanc. Augusta Praetoria 9, 216–231 (1920).
	 56.	 Deline, P. Les grands écroulements rocheux de 1920 et de 1997 sur le glacier de la Brenva (massif du Mont-Blanc): un vecteur 

géomorphologique pour la reconstitution de l’histoire holocène d’un bassin glaciaire de la haute montagne alpine. Collection 
EDYTEM. Cahiers de géographie 1(1), 169–182 (2003).

	 57.	 Teledyne Optech, ILRIS-LR Terrestrial Laser Scanner, Summary Specifications Sheet. https​://pdf.direc​tindu​stry.com/pdf/optec​
h/ilris​-lr/25132​-38745​9.html (2020).

	 58.	 Besl, P. J. & McKay, N. D. A method for registration of 3-D shapes. IEEE Trans. Pattern Anal. Mach. Intell. 14(2), 239–256 (1992).
	 59.	 Chen, Y. & Medioni, G. Object modelling by registration of multiple range images. Image Vis. Comput. 10(3), 145–155 (1992).
	 60.	 Girardeau-Montaut, D. CloudCompare (version 2.7.0) (GPL software, EDF RandD, Telecom ParisTech). https​://www.cloud​compa​

re.org (2015).
	 61.	 Rusinkiewicz, S. & Levoy, M. Efficient variants of the ICP algorithm. In IEEE, Proceedings of the 3rd International Conference 

on 3-D Digital Imaging and Modeling, 145–152 (2001).
	 62.	 Pomerleau, F., Colas, F., Siegwart, R. & Magnenat, S. Comparing ICP variants on real-world data sets. Autonom. Robots 34(3), 

133–148 (2013).
	 63.	 Teza, G., Galgaro, A., Zaltron, N. & Genevois, R. Terrestrial laser scanner to detect landslide displacement fields: a new approach. 

Int. J. Remote Sens. 28(16), 3425–3446 (2007).
	 64.	 Wujanz, D., Avian, M., Krueger, D. & Neitzel, F. Identification of stable areas in unreferenced laser scans for automated geomor-

phometric monitoring. Earth Surf. Dyn. 6(2), 303–317 (2018).
	 65.	 Zhang, Z. Iterative point matching for registration of free-form curves and surfaces. Int. J. Comput. Vis. 13(2), 119–152 (1994).
	 66.	 Kazhdan, M., Bolitho, M. & Hoppe, H. Poisson surface reconstruction. In The Eurographics Association, Proceedings of the 4th 

Eurographics Symposium on Geometry Processing (ed. Polthier, K., et al.) 61–70 (2006).
	 67.	 Hexagon-Technodigit, 3DReshaper: The 3-D Scanner Software (version 10.1.4) (Technodigit part of Hexagon). https​://www.3dres​

haper​.com/en (2015).
	 68.	 Kiryati, N. & Székely, G. Estimating shortest paths and minimal distances on digitized three-dimensional surfaces. Pattern 

Recogn. 26(11), 1623–1637 (1993).
	 69.	 Jaboyedoff, M. et al. Use of LIDAR in landslide investigations: a review. Nat. Hazards 61(1), 5–28 (2012).
	 70.	 Abellán, A., Jaboyedoff, M., Oppikofer, T. & Vilaplana, J. M. Detection of millimetric deformation using a terrestrial laser scan-

ner: experiment and application to a rockfall event. Nat. Hazards Earth Syst. Sci. 9(2), 365–372 (2009).
	 71.	 Fix, E. & Hodges Jr, J. L. Discriminatory analysis-nonparametric discrimination: consistency properties, 21 (Technical Report 4, 

U.S. Air Force, School of Aviation Medicine, Randolph Field, TX, 1951).
	 72.	 Cover, T. & Hart, P. Nearest neighbor pattern classification. IEEE Trans. Inf. Theory 13(1), 21–27 (1967).
	 73.	 Tonini, M. & Abellán, A. Rockfall detection from terrestrial Lidar point clouds: a clustering approach using R. J. Spat. Inf. Sci. 

2014(8), 95–110 (2014).
	 74.	 Byers, S. & Raftery, A. E. Nearest-neighbor clutter removal for estimating features in spatial point processes. J. Am. Stat. Assoc. 

93(442), 577–584 (1998).
	 75.	 Ester, M., Kriegel, H. P., Sander, J. & Xu, X. A density-based algorithm for discovering clusters in large spatial databases with 

noise. In Proceedings of the 2nd International Conference on Knowledge Discovery and Data Mining, Portland, Oregon, 226–231 
(1996).

	 76.	 Olsen, M. J. et al. To fill or not to fill: sensitivity analysis of the influence of resolution and hole filling on point cloud surface 
modeling and individual rockfall event detection. Remote Sens. 7(9), 12103–12134 (2015).

	 77.	 Bonneau, D., DiFrancesco, P. M. & Hutchinson, D. J. Surface reconstruction for three-dimensional rockfall volumetric analysis. 
ISPRS Int. J. Geo Inf. 8(12), 548 (2019).

	 78.	 DiFrancesco, P. M., Bonneau, D. & Hutchinson, D. J. The implications of M3C2 projection diameter on 3D semi-automated 
rockfall extraction from sequential terrestrial laser scanning point clouds. Remote Sens. 12(11), 1885 (2020).

	 79.	 Amenta, N., Choi, S., & Kolluri, R. K. The power crust. In Proceedings of the 6th ACM Symposium on Solid Modeling and Applica-
tions, 249–266 (2001).

	 80.	 Carrea, D., Abellán, A., Derron, M.-H., & Jaboyedoff, M. Automatic rockfalls volume estimation based on terrestrial laser scan-
ning data. In Engineering Geology for Society and Territory, Vol. 2, 425–428 (Springer, Cham, 2015).

	 81.	 Lim, M., Rosser, N. J., Allison, R. J. & Petley, D. N. Erosional processes in the hard rock coastal cliffs at Staithes, North Yorkshire. 
Geomorphology 114(1–2), 12–21 (2010).

	 82.	 Strunden, J., Ehlers, T. A., Brehm, D. & Nettesheim, M. Spatial and temporal variations in rockfall determined from TLS meas-
urements in a deglaciated valley, Switzerland. J. Geophys. Res. Earth Surf. 120(7), 1251–1273 (2015).

	 83.	 Pickering, G., Bull, J. M. & Sanderson, D. J. Sampling power-law distributions. Tectonophysics 248(1–2), 1–20 (1995).
	 84.	 Clauset, A., Shalizi, C. R. & Newman, M. E. Power-law distributions in empirical data. Soc. Ind. Appl. Math. Rev. 51(4), 661–703 

(2009).
	 85.	 Aki, K. Maximum likelihood estimate of b in the formula log N = a − bM and its confidence limits. Bull. Earthq. Res. Inst. 

(University of Tokyo) 43, 237–239 (1965).
	 86.	 Stock, G. M., Guerin, A., Avdievitch, N., Collins, B. D. & Jaboyedoff, M. Rapid 3-D analysis of rockfalls. GSA Today 28(8), 28–29 

(2018).
	 87.	 Putnam, R. et al. Plutonism in three dimensions: field and geochemical relations on the southeast face of El Capitan, Yosemite 

National Park, California. Geosphere 11(4), 1133–1157 (2015).
	 88.	 Wieczorek, G. F. & Snyder, J. B. Rock Falls from Glacier Point Above Camp Curry, Yosemite National Park, California, 22 (U.S. 

Geological Survey Open-File Report 99-385, 1999).
	 89.	 Wieczorek, G. F. et al. Investigation and hazard assessment of the 2003 and 2007 Staircase Falls rock falls, Yosemite National 

Park, California, USA. Nat. Hazards Earth Syst. Sci. 8(3), 421–432 (2008).
	 90.	 Stock, G. M. et al. High-resolution three-dimensional imaging and analysis of rock falls in Yosemite Valley, California. Geosphere 

7(2), 573–581 (2011).
	 91.	 Stock, G. M., Martel, S. J., Collins, B. D. & Harp, E. L. Progressive failure of sheeted rock slopes: the 2009–2010 Rhombus Wall 

rock falls in Yosemite Valley, California, USA. Earth Surf. Process. Landf. 37(5), 546–561 (2012).
	 92.	 Wieczorek, G. F., Nishenko, S. P. & Varnes, D. J. Analysis of rock falls in the Yosemite Valley, California. In Rock Mechanics: 

American Rock Mechanics association, Proceedings of the 35th U.S. Symposium on Rock Mechanics, Reno, Nevada, 85–89 (ed. 
Daemen, J. J. K., et al.) (1995).

	 93.	 Rosser, N. J., Lim, M., Petley, D. N., Dunning, S. & Allison, R. J. Patterns of precursory rockfall prior to slope failure. J. Geophys. 
Res. Earth Surf. 112(F04014), 1–14 (2007).

	 94.	 Royán, M. J., Abellán, A., Jaboyedoff, M., Vilaplana, J. M. & Calvet, J. Spatio-temporal analysis of rockfall pre-failure deformation 
using Terrestrial LiDAR. Landslides 11(4), 697–709 (2014).

	 95.	 Fort, M. et al. Geomorphic impacts of large and rapid mass movements: a review. Géomorphologie 15(1), 47–64 (2009).

http://pdf.directindustry.com/pdf/optech/ilris-lr/25132-387459.html
http://pdf.directindustry.com/pdf/optech/ilris-lr/25132-387459.html
http://www.cloudcompare.org
http://www.cloudcompare.org
https://www.3dreshaper.com/en
https://www.3dreshaper.com/en


19

Vol.:(0123456789)

Scientific Reports |        (2020) 10:17330  | https://doi.org/10.1038/s41598-020-74162-1

www.nature.com/scientificreports/

	 96.	 Utsu, T. & Ogata, Y. The centenary of the Omori formula for a decay law of aftershock activity. J. Phys. Earth 43(1), 1–33 (1995).
	 97.	 Marc, O., Hovius, N., Meunier, P., Uchida, T. & Hayashi, S. Transient changes of landslide rates after earthquakes. Geology 43(10), 

883–886 (2015).
	 98.	 Scholz, C. H. The Mechanics of Earthquakes and Faulting 3rd edn, 493 (Cambridge University Press, Cambridge, 2019).
	 99.	 Malamud, B. D., Turcotte, D. L., Guzzetti, F. & Reichenbach, P. Landslide inventories and their statistical properties. Earth Surf. 

Proc. Land. 29(6), 687–711 (2004).
	100.	 Hungr, O., McDougall, S., Wise, M. & Cullen, M. Magnitude–frequency relationships of debris flows and debris avalanches in 

relation to slope relief. Geomorphology 96(3–4), 355–365 (2008).
	101.	 Dewez, T. J. B., Rohmer, J., Regard, V. & Cnudde, C. Probabilistic coastal cliff collapse hazard from repeated terrestrial laser 

surveys: case study from Mesnil Val (Normandy, northern France). J. Coast. Res. 65(sp1), 702–707 (2013).
	102.	 Stark, C. P. & Hovius, N. The characterization of landslide size distributions. Geophys. Res. Lett. 28(6), 1091–1094 (2001).
	103.	 Matsuoka, N. & Sakai, H. Rockfall activity from an alpine cliff during thawing periods. Geomorphology 28(3–4), 309–328 (1999).
	104.	 Jackson, L. E. Landslides and landscape evolution in the Rocky Mountains and adjacent Foothills area, southwestern Alberta, 

Canada. In Catastrophic Landslides: Effects, Occurrence, and Mechanisms, Geological Society of America, Reviews in Engineering 
Geology XV, 325–344 (eds. Evans, S. G., et al.) (2002).

	105.	 Hantz, D. & Frayssines, M. Contribution à l’évaluation de la durée de vie d’un compartiment rocheux susceptible de s’ébouler. 
Revue française de Géotechnique 119, 65–72 (2007).

	106.	 Moore, J. R., Sanders, J. W., Dietrich, W. E. & Glaser, S. D. Influence of rockmass strength on the erosion rate of alpine cliffs. 
Earth Surf. Proc. Land. 34, 1339–1352 (2009).

	107.	 Domènech, G. et al. Calculation of the rockwall recession rate of a limestone cliff, affected by rockfalls, using cosmogenic chlo-
rine-36. Case study of the Montsec Range (Eastern Pyrenees, Spain). Geomorphology 306, 325–335 (2018).

	108.	 Krautblatter, M. & Dikau, R. Towards a uniform concept for the comparison and extrapolation of rockwall retreat and rockfall 
supply. Geograf. Ann. Ser. A Phys. Geogr. 89(1), 21–40 (2007).

	109.	 Noetzli, J., Gruber, S., Kohl, T., Salzmann, N. & Haeberli, W. Three-dimensional distribution and evolution of permafrost tem-
peratures in idealized high mountain topography. J. Geophys. Res. 112, F02S13 (2007).

	110.	 Huggel, C. et al. Recent and future warm extreme events and high-mountain slope stability. Phil. Trans. R. Soc. A Math. Phys. 
Eng. Sci. 368(1919), 2435–2459 (2010).

	111.	 Magnin, F. et al. Modelling rock wall permafrost degradation in the Mont Blanc massif from the LIA to the end of the 21st 
century. The Cryosphere 11(4), 1813–1834 (2017).

	112.	 Einhorn, B. et al. Climate change and natural hazards in the Alps. J. Alp. Res. 103(2), 1–38 (2015).
	113.	 Draebing, D., Krautblatter, M. & Hoffmann, T. Thermo-cryogenic controls of fracture kinematics in permafrost rockwalls. 

Geophys. Res. Lett. 44, 3535–3544 (2017).
	114.	 Magnin, F., Brenning, A., Bodin, X., Deline, P. & Ravanel, L. Statistical modelling of rock wall permafrost distribution: applica-

tion to the Mont Blanc massif. Géomorphologie 21, 145–162 (2015).
	115.	 Church, M. & Ryder, J. M. Paraglacial sedimentation: consideration of fluvial processes conditioned by glaciation. Geol. Soc. 

Am. Bull. 83, 3059–3072 (1972).
	116.	 Ballantyne, C. K. Paraglacial geomorphology. Quatern. Sci. Rev. 21, 1935–2017 (2002).
	117.	 McColl, S. T. Paraglacial rock-slope stability. Geomorphology 153–154, 1–16 (2012).
	118.	 Hasler, A., Gruber, S., Font, M. & Dubois, A. Advective heat transport in frozen rock clefts: conceptual model, laboratory experi-

ments and numerical simulation. Permafr. Periglac. Process. 22, 378–389 (2011).
	119.	 Steck, A., et al. Carte tectonique des Alpes de Suisse occidentale, 1:100 000 (Jeu de données vectorielles. – Office fédéral de 

topographie swisstopo, Berne, 2010).

Acknowledgements
The authors acknowledge the Swiss National Science Foundation (SNSF, Grants#: 200021_127132, 
200020_146426, and 200020_159221) and the ANR 14-CE03-0006 VIP Mont Blanc project for supporting this 
research. We appreciate helpful review comments from Koji Uenishi, and two anonymous reviewers. We also 
thank the Chamonix Mont-Blanc Helicopters (CMBH) company, which enabled us to reach the two measurement 
stations from which TLS acquisitions were performed. We express our sincere appreciation to photographers Éric 
Vola and Sylvain Chapeland for allowing us to reproduce their photographs (Figs 1d–f and 11a) through an open 
access license CC BY. Additionally, Susanna Büsing and François Noël assisted with the TLS data acquisitions.

Author contributions
L.R. and P.D. devised the study. A.G., L.R., and B.M. collected the data. A.G. processed all the data. A.G., L.R., 
B.M. and M.J. analyzed and interpreted the results. A.G. and L.R. wrote the paper with input from B.M., M.J. 
and P.D.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary information  is available for this paper at https​://doi.org/10.1038/s4159​8-020-74162​-1.

Correspondence and requests for materials should be addressed to A.G.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1038/s41598-020-74162-1
www.nature.com/reprints


20

Vol:.(1234567890)

Scientific Reports |        (2020) 10:17330  | https://doi.org/10.1038/s41598-020-74162-1

www.nature.com/scientificreports/

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://creat​iveco​mmons​.org/licen​ses/by/4.0/.

© The Author(s) 2020

http://creativecommons.org/licenses/by/4.0/

	The three-stage rock failure dynamics of the Drus (Mont Blanc massif, France) since the June 2005 large event
	Study site
	Geological setting. 
	Morphological evolution of the west face between 1850 and 2005. 

	Materials and methods
	TLS data acquisition. 
	TLS data registration. 
	Change detection and noise filtering. 
	Rockfall source identification and volume calculation. 
	Volume-frequency relationship of rockfall sources. 

	Results and discussion
	Morphological evolution of the rock face between 2005 and 2016. 
	Analysis of the 2008–2011 rockfall event sequence. 
	Temporal evolution of rockfall source number and eroded volume. 
	Rockfall source volume-frequency distributions. 
	Cliff retreat rates. 

	Conclusions
	References
	Acknowledgements


