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A B S T R A C T

The Sentinel-2 optical satellites provide a global coverage of land surfaces with a 5-day revisit time at the
Equator. We investigate the ability of these freely available optical images to detect precursory motions before
rapid landslides. A 9-month time-series of displacement is derived from Sentinel-2 data over a major landslide in
the French Alps, which exhibited a sudden reactivation in June 2016. This analysis reveals a 7-month period of
low activity (≤1m), followed by a sudden acceleration of 3.2±1.2m in 3 days, before the failure of a mass of
about 2 to 3.6 106m3. The location of this precursory motion is consistent with that of the slow motions oc-
curring since 2001 (about 1m/year), as revealed by aerial photographs and LiDAR analysis. This change in
activity over a very short period of time (days) emphasizes the value of the frequent revisit time of Sentinel-2,
despite its medium resolution of 10m. We finally simulate the ability of Sentinel-2 for detecting these precursory
patterns before a rapid landslide occurs, based on typical Voight's laws for creeping materials, characterized by a
power law exponent α. Based on this analysis and on global cloud cover maps, we compute the probability to
detect pre-failure motions of landslides using the Sentinel-2 constellation. This probability is highly hetero-
geneous at the global scale, affected by the revisit time of the satellite and the cloud cover. However the main
factors controlling this detection ability are the properties of the landslide itself (its size and the α parameter),
with almost 100% of detection probability for α=1.3 and 0% for α=1.8. Despite all these limitations, prob-
ability to detect a motion before a landslide failure often reaches 50% for classical landslide parameters. These
results open new perspectives for the early warning of large landslide motion from global and open source
remote sensing data.

1. Introduction

Slow-moving landslides are mass movements with velocities ran-
ging from a few cm/year to a few m/year (Hungr et al., 2014). Their
dynamics can be controlled by rainfall (e.g. Iverson, 2000), earthquakes
(e.g. Lacroix et al., 2014), or fluvial erosion (e.g. Zerathe et al., 2016).
They may exhibit sudden accelerations or failures that can evolve to-
ward catastrophic flows (Jongmans et al., 2009; Van Asch et al., 2009),
posing a threat to infrastructures and local populations. This was dra-
matically illustrated in the Vajont landslide in 1963, where slow mo-
tions of a few cm/days were observed during the 3 years prior to a
catastrophic collapse that caused 1900 casualties (Hendron and Patton,
1985). In this context, monitoring slow motions is key for detecting
precursors for major landslides.

Many observations report slow motions with patterns showing an
accelerating displacement rate before landslide failure (Bhandari, 1988;
Zvelebill and Moser, 2001; Petley et al., 2002; Federico et al., 2012).

This pre-failure phase can also be revealed by increasing seismic release
rate in brittle materials (Amitrano et al., 2005) or seismic velocity
variations in ductile materials (Mainsant et al., 2012a,b). These pat-
terns can be explained in brittle materials by the initiation and pro-
gressive maturation of rupture surfaces through subcritical crack
growth (Lacroix and Amitrano, 2013), and/or by the progressive loss of
the material elastic properties, caused by water content increase or
overloading in ductile materials (Mainsant et al., 2012b).

Precursory motions have been regularly observed in ground dis-
placement data acquired on instrumented landslides (e.g. Federico
et al., 2012, for a review). The acceleration is found to follow either an
exponential (Petley et al., 2002) or a power law (e.g. Fukuzono, 1985;
Voight, 1989) toward the time of the collapse. Such laws have been
proposed as a tool for determining the time of collapse (Federico et al.,
2012).

Monitoring slow movements over a wide area from space is then a
key issue in landslide risk management. Very few studies have however

https://doi.org/10.1016/j.rse.2018.03.042
Received 12 July 2017; Received in revised form 27 March 2018; Accepted 29 March 2018

* Corresponding author.
E-mail address: pascal.lacroix@univ-grenoble-alpes.fr (P. Lacroix).

Remote Sensing of Environment 215 (2018) 507–516

Available online 13 April 2018
0034-4257/ © 2018 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/BY-NC-ND/4.0/).

T

http://www.sciencedirect.com/science/journal/00344257
https://www.elsevier.com/locate/rse
https://doi.org/10.1016/j.rse.2018.03.042
https://doi.org/10.1016/j.rse.2018.03.042
mailto:pascal.lacroix@univ-grenoble-alpes.fr
https://doi.org/10.1016/j.rse.2018.03.042
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2018.03.042&domain=pdf


used remote sensing data to detect acceleration precursor to a slope
failure. Both Interferometric Synthetic Aperture Radar (InSAR) (Hilley
et al., 2004; Calabro et al., 2010; Kos et al., 2016; Dong et al., 2018;
Intrieri et al., 2018) and optical image correlation techniques
(Delacourt et al., 2004; Debella-Gilo and Kaab, 2012; Stumpf et al.,
2014; Lacroix et al., 2015; Stumpf et al., 2017) have been widely used
to detect and measure motions over slow-moving landslides. Time-
series of displacement have been sometimes generated to document the
pre-failure motion of landslides. For instance, Sun et al. (2015) applied
Interferometric Synthetic Aperture Radar (InSAR) data to document the
pre-failure motion of the Zhouqu landslide. They detected centimetric
scale motions, which do not however fully coincide with the location of
the catastrophic flow. Kos et al. (2016) used InSAR data on the Moos-
fluh landslide in Switzerland to monitor its activity over 20 years, and
show a progressive acceleration of the movement associated with
multiple failure events of increasing size with time. Two recent studies
have shown the ability of radar satellites with high revisit-time (Sen-
tinel-1, ALOS-2) to detect an acceleration of a catastrophic landslide in
China 12 days before its failure (Dong et al., 2018; Intrieri et al., 2018),
highlighting its interest for detecting short transient motions prior to
slope failures.

However, the use of InSAR data is still limited to areas with fa-
vourable slope orientation, low vegetative cover, and low velocity (few
cm/days). Alternatively, the correlation of diachronic optical images
allows these limitations to be overcome. The launch of new constella-
tions of satellites with a short revisit time (on the order of a few days)
theoretically enables the generation of time-series of displacement
(Stumpf et al., 2017). Displacement time-series from optical images
have been undertaken over various areas affected by landslides,
showing decadal accelerations (Strozzi et al., 2010) or decelerations
(Bennett et al., 2016) of mass movements, as well as their seasonal
motion (Stumpf et al., 2017) or transient motions due to earthquakes
(Lacroix et al., 2015). Those latter studies use very high-resolution sa-
tellite images or aerial photographs, preventing their systematic use at a
high-frequency rate over a wide area. The launch of new constellations
of medium resolution satellites with a frequent repetitive time (8 days
for Landsat7/8, 5 days for Sentinel-2 at the Equator), is an opportunity
to have access to transient motions of landslides over a few days. The
displacement uncertainty obtained with such techniques (typically one-
fifth of a pixel size (Stumpf et al., 2014; Lacroix et al., 2015)) is how-
ever much larger than for InSAR, which makes it difficult to detect
small transient motions prior to landslide failures. Therefore, this
technique has never been applied for detection of landslide acceleration
precursor to its failure.

This study aims to explore the possibility of detecting the low but
significant motions that can precede a landslide, using optical images
from the Sentinel-2 satellite characterized by a frequent (5 days at the
Equator) revisit time. The chosen event is a major reactivation of the
large Harmalière landslide (French Alps) that occurred in late June
2016.

2. Study site

The Trièves area in the French Western Alps (Fig. 1a) is a wide
depression (300 km2) filled with alternations of Quaternary clays and
silts deposited in a glacially-dammed lake during the Last Glacial
Maximum. In the study area, the sediment thickness varies between 0m
and almost 300m (Bièvre et al., 2011). After the retreat of the glacier,
around 15 000 to 25 000 years ago, rivers started to incise the soft
clayey sediments and initiated landsliding in the whole area. Presently,
around 15% of the Trièves is estimated to be sliding (Jongmans et al.,
2009) at low-velocity rates (few cm/year motions have been measured
on the monitored landslides of the area). The Harmalière landslide is
located on the western bank of the man-made Lake Monteynard. Its
historical activity can be traced back to the late 19th century at least
(Moulin and Robert, 2004), where intense gullying and landsliding at

the toe of the slide induced afforestation operations.
The 1450m-long Harmalière landslide affects an area of around

1.8×106m2 (Fig. 1a). The slope is 15% in the upper part and around
10% in the lower part. This slight slope break in the mid-length of the
slide corresponds to a change in the deformation mechanism. According
to the classification proposed by Hungr et al. (2014), the Harmalière
landslide is a compound earthslide in its upper part, showing significant
internal deformation with numerous scarps and counter-scarps. Studies
using either aerial photographs (Fernandez and Whitworth, 2016) or
comparison of Lidar data (Knieß, 2011) show velocities of about 1m/
year in between 2001 and 2009. In its lower part, the landslide evolves
into an earthflow and eventually a mudflow (Bièvre et al., 2011).

A very large landslide occurred on March 7 1981, after snowmelt
and heavy rainfalls, resulting in the mobilization of a surface of around
0.45×105m2 of clayey material. The volume of clay that entered the
lake was estimated to be around 0.25×106m3 (Al Hayari et al., 1990;
Giraud et al., 1991). Back analysis suggests that the depth of the dee-
pest shear surface is around 45m (Al Hayari et al., 1990), which is
typical within the Trièves area (Van Genuchten and Van Asch, 1988;
Van Asch et al., 2009; Renalier et al., 2010a,b; Bièvre et al., 2012).

This landslide suffered several reactivation phases (Moulin and
Robert, 2004), among which the most important ones occurred in
January 1988, January 1996 and September 2004. They mainly con-
sisted of regressions of the main headscarp, a typical mechanism of
retrogressive landslide in these fine-grained formations (Van Asch et al.,
1984). The last major reactivation, studied here, occurred on June 27
2016. Field observations revealed a northward regression of the head-
scarp over a maximum distance of 30m. A compact block of clays with
an estimated volume of 2 to 3.6×106m3 slided along a shear plane.
The new headscarp of the landslide presents a 15 to 30m sub-vertical
scarp (Fig. 1b) marked by strias, showing fragile deformation. At the toe
of the landslide, up to 10m of clayey material was accumulated. The
deformational pattern of the lower part shows flow-like surface mor-
phology and flank ridges. These patterns reveal ductile deformation,
typical of an earthflow.

3. Data and methods

3.1. Sentinel-2 data

We processed data from the recently launched Sentinel-2A satellite
over a selected area of 4× 5 km2. Starting in November 2015, it pro-
vides free images with global coverage of land and coastal areas. The
Sentinel-2 mission is now a constellation of two satellites, following the
launch of the Sentinel-2B satellite in March 2017. The satellite offers a
resolution of up to 10m for blue (B2), green (B3), red (B4) and infra-red
(B8) bands. The data were processed for the different bands. The pro-
cess realized with the different bands provides similar results, showing
similar patterns. The differences between results obtained with 2 dif-
ferent bands exhibit standard deviation close to 50 cm, which is about
one-third of the measurement uncertainties (see Section 4.1). In this
study, results obtained with the blue band B2 are exposed.

The attractive feature of the Sentinel-2 constellation is its frequent
revisit time of 5 days at the Equator under cloud-free conditions. The
monitored landslide, situated at 45° North, is covered by 2 satellite
swaths (Table 1), providing twice more acquisitions than at the
Equator. The data, however, have different viewing angles, which af-
fects their orthorectification quality and therefore their comparison
(e.g. Lacroix et al., 2013). 22 cloud-free images were available (over 47
total images acquired) between December 7, 2015 and September 2,
2016 (Table 1). Among these images, two of them display thin clouds
(March 26, 2016 and May 5, 2016), which however do not prevent from
visualizing the ground surface. Therefore, we decided to keep them in
our analysis. The Level-1C products provided online by the European
Spatial Agency (ESA) Sentinel hub were used. These products are de-
rived using the PlanetDEM90 Digital Elevation Model (DEM) to project
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the image into cartographic geometry (Drusch et al., 2012).
Horizontal displacement fields were calculated using the sub-pixel

correlation algorithm implemented in Cosi-Corr (Leprince et al., 2007).
Successive diachronic images were correlated to produce 21 displace-
ment fields with short time intervals (between 3 and 53 days). This
approach was chosen to reduce the decorrelation effect between the
images that are located in an area where vegetation and agricultural
crops induce rapid changes of the land-cover. The correlation was
processed in the spatial domain using a window size of 16 pixels and a
search radius of 100m. The window size was chosen as a compromise
between the robustness of large windows and the ability of smaller
windows to detect motions of rather small objects (typical size of
100×100m2, that is 10× 10 pixel size). The search radius was chosen
large enough (100m or 10 pixels) to detect possible large displacements
of the landslide. Displacement vectors were then projected along the
local maximum slope direction, obtained from a 1m resolution Light
Detection And Ranging (LiDAR) DEM resampled at 10m resolution.
This change in resolution is required because the landslide roughness
can cause the surface slope measured at a high spatial resolution to vary
considerably from the local direction of landslide motion (Roering
et al., 2009).

3.2. Displacement field filtering

The raw displacement fields, obtained with Cosi-Corr, were cor-
rected from possible misalignments, by shifting them along NS and EW

directions by their median value calculated over the stable area (Fig. 2).
Finally, the displacement fields were filtered based on 4 criteria: (1)
Quality (e.g. Berthier et al., 2005), that is pixels with correlation
coefficients below 0.4 are removed from the analysis. (2) Direction of
the motion relative to the slope direction, a criterion specific to land-
slide studies (Stumpf et al., 2014), that is all pixels with a direction of
motion different by more than 60° from the local maximum slope di-
rection are removed. (3) Significancy, that is pixels with motion below
0.5 m are not considered in the analysis. This value has been chosen
relative to the displacement uncertainty (see Section 4.1), to remove
points on stable areas or with low motion amplitudes. This criterion
does not affect the values themselves, but slightly the uncertainty, in-
creasing the standard deviation on the stable area values by 14% (see
Section 4.1). (4) Connectivity, that is only the pixels with at least 40%
of non-masked pixels in their direct vicinity were kept. This criterion
was applied to remove isolated pixels.

The parameters of the filter were chosen after a sensitivity analysis,
in order to significantly reduce the number of false alarms on the stable
areas, without impacting the unstable areas. Their choice is however
not critical for our study because it does not impact the values of dis-
placement but only acts as a mask.

4. Results

4.1. Sentinel-2 displacement field uncertainties

The displacement uncertainties of the measurements situated in the
stable area and projected onto their local slope direction are calculated
for the 21 displacement fields, using the standard deviation over a
stable area. A stable area of 2.2 km2 (Fig. 2) has been chosen close by
the active landslide area, and not covering the lake where large artifacts
occur. Fig. 3 shows the computed uncertainty as a function of the time
interval between two acquisitions. The mean computed uncertainty is
1.8 m, but there is a large variability between displacement fields
(Fig. 3) due to three effects.

Fig. 1. a) Location and morphology of the study site. The topographical map with a color scale is derived from a LiDAR DEM acquired in 2009. A: Avignonet
landslide; H: Harmalière landslide. AVM: permanent seismological station of the OMIV Observatory (RESIF, 2006). 1981: surface mobilized by the 1981 earthflow;
2016: headscarps created by sudden regression events; limits of the Harmalière landslide derived from the 2009 LiDAR DEM are shown with a yellow dashed contour.
The white contour locates the area of motion detected between 2001 and 2009 (Knieß, 2011; Fernandez and Whitworth, 2016). Coordinate system is Lambert93-
RGF93 in m. b) Photo of the June 2016 reactivation (see the photograph location in a). View looking west, showing the sliding mass at the head-scarp. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Metadata of Sentinel-2 images used in this study.

Orbit # Dates

R008 30/12/2015 19/03/2016 28/04/2016 28/05/2016 27/06/2016 07/
07/2016 17/07/2016 16/08/2016 26/08/2016

R108 07/12/2015 17/12/2015 27/12/2015 26/01/2016 26/03/2016 25/
04/2016 05/05/2016 15/05/2016 24/06/2016 03/08/2016 13/08/
2016 23/08/2016 02/09/2016
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• First, large errors are found for 4 displacements fields presenting
thin cloud cover (see Fig. 3), that is where the ground is still ob-
servable through clouds but these alter the image dynamics and thus
the correlation quality. If we remove those points from our analysis,
the mean uncertainty decreases to 1.59 m. This shows that the
image choice is important for the displacement time-series genera-
tion.

• Second, we notice an increase in the uncertainty with the time in-
terval between two acquisitions (See the linear fit for the data
without any clouds in Fig. 3), resulting from the time decorrelation
between successive acquisitions. This justifies computing

displacement fields between images with the smallest time interval
as possible to reduce uncertainties and detect changes over a short
time-period. However, for very slow landslides, short time baselines
can limit the motion detection. The strategy to derive the time-series
must then be adapted by taking into account also longer time
baselines. A promising approach to generate robust time-series at
both short and long time steps would be the short baseline techni-
ques developed for InSAR studies (e.g. Berardino et al., 2002),
where interferograms are performed between optimal pairs of
images, with limited perpendicular and temporal baselines to reduce
the noise. Recent studies show the interest of these techniques to
generate displacement time-series also from optical images
(Bontemps et al., in press).

• Third, excluding the acquisition with cloud cover, the displacement
fields between acquisitions with the same orbit (separated by a
multiple of 10 days) have lower uncertainties (1.26m on average
against 1.73m when considering different orbits). This shows the
effect of the orthorectification quality. Indeed, errors of the DEM
affect similarly images with the same viewing angles, and thus
vanish when comparing them together (Altena and Kaab, 2017;
Kaab et al., 2016). For images from two neighbour orbits, the dif-
ference between the viewing angles is 6° (B/H=0.2, see Lacroix
et al., 2013), which increases orthorectification uncertainties on
areas with low DEM quality (mostly on steep slopes).

4.2. Displacement history

In the time period 2001–2009, the landslide motion history is
constrained by Lidar data and aerial photographs (Knieß, 2011;
Fernandez and Whitworth, 2016), which show displacements on the
order of 1m/year on the upper part of the Harmalière landslide (Fig. 1).
Between 2009 and 2015, there were no motion measurements. The
comparison of the morphology between 2009 and 2015 does not show
any detectable landslide reactivation.

Between December 7 2015 and June 24 2016, the Sentinel-2 images
did not detect any significant motion coherent in space and time
(Fig. 4a). All the detected motions during this time period are within

Fig. 2. Example of a Sentinel-2 image used
in this study (26/08/2016). The red rec-
tangle area represents the footprint of the
images shown in Fig. 4. The white rectangle
contour defines the stable area where un-
certainties were calculated. The yellow da-
shed line is the landslide limit. (For inter-
pretation of the references to color in this
figure legend, the reader is referred to the
web version of this article.)

Fig. 3. Uncertainties on the slope-projected displacement field represented as a
function of the time interval between the 2 acquisitions. The linear fit is com-
puted for the data without clouds (white and black points).
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the uncertainty (Fig. 5).
The displacement field derived from Sentinel-2 images between

June 24 and 27 10h40 UTC, shows a clear movement in the slope di-
rection at the headscarp (N170) (Fig. 4b). This motion of 3.2± 1.2m in
3 days (Fig. 4a), is coherent in space and much higher than the dis-
placement uncertainty. The location of this moving mass is consistent
with the subsequent landslide (Fig. 4c), showing a pre-event accelera-
tion. Fig. 5A shows the velocity time-series for a point A, located on this
moving upper mass. In the period June 27 2016–July 7 2016, the upper
part of this sliding mass was still active with about 14m of displace-
ment over 10 days (Fig. 4c). In the same time-period, the image analysis
shows that the lower part of this mass collapsed.

The image analysis reveals a major landslide event between June 27
2016 and July 7 2016 (Fig. 4c). This failure leads to a complete change
of the morphology and the ground-cover on the underneath slope. As a
consequence, image decorrelation prevents estimating the displacement
field in this area during this time-period (Fig. 4c). The failed mass en-
compasses the area sliding since 2001 but is even larger (Fig. 4b).
Testimonies from local inhabitants indicated that the main landslide
was initiated on June 27th between 12 h and 13 h UTC, that is about 2 h
after the satellite image acquisition.

After July 7, we observe a fast motion of the flowing material in the

lower part of the slope toward the lake (Fig. 4d). Maximum calculated
peak velocities are 5.9m/day between July 7 and July 17. Fig. 5B
shows the velocity time-series for a point B, located in the middle part
of the slope. At this point, the velocity reaches a peak of 5.2 m/day in
the 20 days following the main failure (Fig. 5B), and then decreases
rapidly in about 1month. At the bottom of the slope, the motion at-
tenuation is slower, and the stability is reached at the beginning of
September, showing a two-month attenuation of the material flow.
After July 17, the upper block is stable, or at least exhibits a motion
lower than the displacement uncertainty (Fig. 5A).

5. Discussion

5.1. The Harmalière landslide case study

Observations suggest that limited areas located in the upper part of
the Harmalière landslide moved with a velocity of about 1m/year over
15 years (2001–2016). From 24th June 2016, the displacements in a
larger upper part of the earthslide suddenly increased to 3.2 m in
3 days, followed by the main failure on 27th June 2016 (Fig. 5A). This
slided mass covers an area of around 8× 104m2 at the headscarp, as
evaluated from field observations conducted in early July 2016 and

Fig. 4. Series of displacement fields calculated using diachronic Sentinel-2 images (color composition of B2, B3 and B4 bands) overlayed over the second image of
each pair: a) for the 2015/12/07–2016/06/24 period, b) for the 2016/06/24–2016/06/27 period, c) for the 2016/06/27–2016/07/07 period, when the major
reactivation occurred on top of the landslide, and d) for the 2016/07/07–2016/07/17 period. The area where decorrelation occurs is contoured with a white line on
the subplot c. The white dashed line represents the mass sliding with a velocity of about 1m/year from 2001 to 2009. The landslide limits are contoured with a
dashed yellow line. The white and yellow points, denoted as A and B, locate the two sites where the time-series are drawn (Fig. 5A and B). Elevation contour lines are
spaced every 20m. Velocity vectors are represented every 8 pixels for better clarity. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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from Sentinel-2 images. Using the back-analyzed value of 45m for the
depth to the deepest shear surface in these clayey formations (Al Hayari
et al., 1990) leads to a maximum volume estimate of around
3.6×106m3. The near-vertical headscarp of up to 30m also favours
the hypothesis of such deep shear surface. This sliding mass supplied an
earthflow downslope, which was activated within 10 days after the
main failure. The flow slowly attenuated over 2months to reach sta-
bility in September 2016 (Fig. 5B). The velocity time series derived
from satellite images bring valuable insight into the landslide kine-
matics, showing highly transient motions and a fast evolution of the
landslide toward the failure. This rapid evolution toward the failure
highlights the difficulty to anticipate the failure time of the sliding
mass. It also shows the very high value of satellites with frequent revisit
time to monitor landslide activity and to detect transient motions. In
this case-study, metric precursory motions were observed a few days

before the failure.
The observed motion is theoretically only horizontal as image cor-

relation of perfectly orthorectified images leads to motions in the hor-
izontal plane. However, the images are certainly not perfectly orthor-
ectified as indicated by increasing uncertainties when comparing
images of neighbour orbits. Altena and Kaab (2017) and Kaab et al.
(2016) showed that orthorectification errors have 2 origins. First, for
correlation of neighbour orbit images, errors arise from orthorectifica-
tion bias due to DEM errors. Second, for repeat-track and neighbour
orbits, possible changes of surface elevation between the 2 passes (due
to active processes) also lead to orthorectification errors and thus to
horizontal errors in the correlation. On the Harmalière landslide, the
observed motion is oriented almost completely in the along track di-
rection so that the first type of errors reduced a lot. Indeed, the dif-
ference in angle between the flight direction and the flow direction is

Fig. 5. Time-series of slide velocity (m/day) calculated in
the slope direction (downward is positive) at the 2 points
labelled A and B in Fig. 4: (A) point A is situated on the
upper soil mass, just beneath the 2016 headscarp,(B) point
B is situated in the middle of the slope. The grey bar in-
dicates the failure time when large morphological changes
caused image decorrelation. Velocity error bars are shown
in red. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of
this article.)

Fig. 6. Probability that Sentinel-2 data can detect a pattern of movement precursor of a landslide failure as a function of the satellite revisit time, for a varying
landslide characteristic α and A=0.052 (see text for details), and for two cloud cover probabilities (left is for 80%, right for 20%).
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15 degrees at the headscarp where the precursory motion was mea-
sured. The second source of errors can originate from possible vertical
motions of the landslide between the 2 passes. This second type of error
can exist in the flow, where transport of sediments can lead to elevation
variations. It can also occur at the headscarp, where near-vertical faults
suggest that the slow motion is far from perfectly horizontal. Therefore
a part of the detected precursory motion is vertical, which is in a good
agreement with fields observations (Fig. 1). The sensitivity of the sa-
tellite to the vertical motion is increased by using images of neighbour
tracks. This analysis should drive the way the time-series are generated
for monitoring of landslide headscarps, where motions are often more
vertical than in the accumulation area.

A second minor reactivation occurred on 11 and 12 November
2016. No precursory motions were detected using Sentinel-2 data, due
to the small surface area of the reactivated mass (about 200m2, that is
2 pixels). Even non-cloudy pre- (1 November) and post- (12 December)
failure images comparison does not show discernible differences in
morphology. This highlights that small landslides can not be detected
with Sentinel-2, because of the medium resolution of the satellite
images (10m). This size limitation is key for landslide detection and
more case-studies are needed to quantify the landslide-size limit for
detection.

Fig. 7. Global map of probability (in %) that Sentinel-2 constellation can detect a pattern of movement precursor of the failure, for landslide characteristics α=1.5
and A=0.052.

Fig. 8. Global map of probability (in %) that Sentinel-2 constellation can detect a pattern of movement precursor of the failure, for landslide characteristics α=1.7
and A=0.052.
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5.2. Detection ability of the Sentinel-2 satellite

In this section, the question is raised about the representativity of
the Harmalière case study, that is whether this precursor detection was
completely fortunate or if detecting motions prior to landslide failures
is a real potential of the Sentinel-2 constellation. To generalize the
observations made on the Harmalière landslide, we simulate the
probability to detect a motion precursory to landslide failure with
Sentinel-2. This simulation is conducted as a function of its revisit time
R, in an ideal case where the landslide movement is following a clas-
sical Voight's law (Fukuzono, 1985; Voight, 1989) toward the failure,
regardless of its deformation mechanism and type of material. This
former law links the acceleration (D̈) and the velocity (Ḋ) of a creeping
material toward failure:

=D AD̈ ̇α (1)

where A and α are characteristics of the landslide material. Typical
values of α are close to 1.5 (Federico et al., 2012) but with possible
large variability between 1.1 and 2.2 (Crosta and Agliardi, 2003).
Federico et al. (2012) also provide values for A around 0.05. These
values control the motion of the moving mass close to its rupture.
Larger α and A values lead to shorter time-scales of acceleration. Al-
though many landslides can be described by this law (Federico et al.,
2012), some others exhibit more complex behaviour toward failure, due
to specific geometries of basal sliding surfaces or to specific forcings
(rainfalls for instance) (e.g. Petley et al., 2002). We do not aim at si-
mulating this complexity.

Integrating Eq. (1) for ⩾A 0 and ⩾α 1, one obtains

= − − − −D A α t ṫ [ ( 1)( )]f
α1/( 1) (2)

where t is the time before the failure time tf. The displacement between
2 successive satellite cloud-free acquisitions at time T and T+ Δt, is
then given by

∫=
+

D Ddṫ
T

T tΔ

(3)

We calculate the probability to detect a motion prior to the landslide
failure using Sentinel-2 constellation (both satellites A and B), that is we
calculate the probability that a measured displacement over a time
period [T,T+ Δt] before the landslide rupture is greater than the
Sentinel-2 measurements uncertainty σ (here 1.59m, see Section 4.1).
In our case, Δt is a multiple of the revisit time R. Let us denote N+1 the
number of images acquired at times [T,T+ R,T+2R,…,T+N ⋅ R],
where T+N ⋅ R< tf. These images can either be cloud-free (value 1) or
cloudy (value 0). Let E be the event that the displacement between 2
cloud-free images acquired before the failure is greater than σ, assigned
with a probability P(E). Since the motion (displacement and velocity)
given by Voight's law is an increasing function of time, the calculation
of P(E) reduces to the probability that the displacement measured be-
tween the 2 last cloud-free acquisitions before failure is greater than σ.

As an example, using N=4, the combinations that meet the defined
criteria of only 2 successive cloud-free acquisitions are

==Combination [1, 1, 0, 0, 0]
[1, 0, 1, 0, 0]
[1, 0, 0, 1, 0]
[1, 0, 0, 0, 1]

N 4

(4)

The probability P C( )N
2 that one of these sequences is realized, is a

function of the probability P(C) that a given image is cloud-free:

= − −P C N P C P C( ) * ( ) *(1 ( ))N N
2

2 1 (5)

P(E) can then be formulated as follows:

∑=
=

=∞

P E P E C P C( ) ( ) ( )
N

N
N N

1
2 2

(6)

Using Eq. (3), we can calculate numerically the displacement be-
tween two acquisitions at two given time before failure, and thus the

Fig. 9. Map of probability (in %) that Sentinel-2 constellation can detect a pattern of movement precursor of the failure on the European Alps, for landslide
characteristics α=1.5 and A=0.052. The Harmalière site study is located with a black dot. The general topography is shown as isocontours spaced every 500m.
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number of acquisition pairs that meet the criteria of displacement
greater than σ, which conducts to the probability P E C( )N

2 to have a
displacement greater than σ for two given acquisitions before tf. Com-
bining Eqs. (6) and (5) gives the following:

∑= −
=

=∞
−P E P E C N P C P C( ) ( ) * ( ) *(1 ( ))

N

N
N N

1
2

2 1

(7)

This summation over N converges rapidly, so that we limit the nu-
merical integration until N=20.

P(E) is only dependent on (R,α and P(C)). It is represented in Fig. 6
as a function of these 3 parameters. The revisit time R is a function of
the number of available satellites orbits (Norbit) per unit of time, which
depends on the geographic location of the observed area (Kaab et al.,
2016).

Taking typical α and A values of 1.5 and 0.052 respectively (e.g.
Federico et al., 2012), the probability to detect accelerating landslides
in an area covered half time by clouds with 1 image every 5 days is
55%, increasing to 97% in areas where the satellites provide a daily
cover.

We use the relation of Eq. (7), together with a global cloud cover
map (Wilson and Jetz, 2016), derived from 15 years of cloud mea-
surements at the kilometric scale, and the global Sentinel-2 swath
coverage (Kaab et al., 2016) to derive a realistic revisit time R, and then
a global map up to 83° latitudes (Li and Roy, 2017) for probabilistic
detection of landslide precursors (see Eq. (7)). These maps are derived
for α=1.5 and 1.7 in Figs. 7 and 8 respectively. A zoom on the Eur-
opean Alps is provided in Fig. 9 for α=1.5. It should be noted, that for
polar regions, our simulation does not take into account the seasonal
variation of illumination, that prevents to acquire optical images during
winter time. The probabilities are therefore smoothed over the year.

We first see that the probability to detect a precursory motion before
failure is very heterogeneous spatially, both at the global scale and over
short distances. This variability is firstly explained by the theoretical
number of available satellite tracks, which varies by a factor of up to 8
from 0° to 83° latitude (Figs. 7 and 8), but also may vary by a factor of 3
over short distances (Fig. 9). This variability is secondly explained by
the daily cloud cover that varies between 0.7% and 85% for 99% of the
globe, diminishing the number of available tracks compared to the
theoretical one.

Using a typical value for α of 1.5 leads to detection probability of
between 20% and 100% in the European Alps. The calculated prob-
ability to have one cloud-free image over a landslide based on this
dataset is certainly a little too low. Indeed, the global daily cloud cover
slightly over-estimates the in situ measurements (Wilson and Jetz,
2016), and the daily cloud cover corresponds to the probability to have
one cloud per day on a 1 km2 pixel. Over the Harmalière area, the
global dataset and the available Sentinel-2 data actually match well,
with 54% of cloud probability in the global dataset, and 56% of images
unexploitable due to too much cloud cover.

Furthermore, all those values are also a function of the image cor-
relation uncertainties which can vary from one area to another due to
differences of vegetation covers (e.g. Delacourt et al., 2004; Stumpf
et al., 2014; Lacroix et al., 2015). On the Harmalière landslide, vege-
tation varied very quickly during the studied period, so that the 1.59m
of mean uncertainty can be considered as a relatively conservative
value. Consequently, results with lower uncertainty are expected in
areas with lower vegetation cover.

Finally, the probability of detection is strongly affected by para-
meter α, which relates to the evolution of the landslide kinematics to-
ward the failure (Figs. 7 and 8). For instance, on the Harmalière area
the probability to detect a landslide precursor is 14%, 65% and, 100%
for α=1.7, 1.5 and 1.3, respectively. This highlights the need to better
characterize the behaviour of landslides toward the failure. Most of the
studies (e.g. Federico et al., 2012) found a value of α close to 1.5, so that
the map of Fig. 7 can be considered as the average probability. Local

variations due to differences in geological settings are however ex-
pected. For α larger than 1.8, corresponding to landslides with slow
velocities at the failure, the last stage of creep cannot be detected by
Sentinel-2 images. InSAR measurements may be better appropriate for
this detection, despite limitations of the method due to relief shadows
and vegetation (Dong et al., 2018; Intrieri et al., 2018). In contrast, the
probability to detect landslides with high velocity prior to the failure
(α⩽1.4) reaches 100%. This shows that the detection of the Harmalière
precursory pattern is not a fortunate case and that Sentinel-2 images
have a large value for this pre-failure detection.

6. Conclusions

The analysis of Sentinel-2 images over an area affected by active
landslides as well as simulations of Sentinel-2 acquisitions over typical
creeping landslides show that these free and global satellite images are
able to detect transient motions of large landslides, thanks to their
frequent revisit time. This detection is however limited to large land-
slides, due to the medium resolution of these satellites. As these motions
can be precursors to landslide failures, medium resolution optical sa-
tellite constellations open a wide area of research for the understanding
of landslide mechanism and for the development of early warning
systems. Furthermore, the combination of the Sentinel-2 constellation
together with the existing 15m resolution Landsat-7/8 constellation,
provides now a 3-day revisit time at the Equator, opening exciting
opportunities for landslide monitoring. Our study suggests that com-
paring images with different orbits leads to a slight increase in un-
certainties but at the same time makes the image correlation sensitive
to vertical motions that can be prominent at the landslide headscarps.
This conclusion should drive the strategy for time-series correlation
from different satellites, for instance Sentinel-2 and Landsat-7/8 data.
In the same time, the processing of large amounts of data opens the era
of time-series analysis, with the possibility to decrease the uncertainty
using the redundancy of the measurements. Several approaches have
recently been implemented on glaciers (Dehecq et al., 2015; Fahnestock
et al., 2015) using Landsat-8 data, and future developments should
benefit also to both glacier and solid-earth communities.
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