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ABSTRACT

Slow-moving landslides exhibit persistent but non-uniform motion at low rates which makes them exceptional
natural laboratories to study the mechanisms that control the dynamics of unstable hillslopes. Here we leverage
4.5+ years of satellite-based radar and optical remote sensing data to quantify the kinematics of a slow-moving
landslide in the tropical rural environment of the Kivu Rift, with unprecedented high spatial and temporal
resolution. We measure landslide motion using sub-pixel image correlation methods and invert these data into
dense time series that capture weekly to multi-year changes in landslide kinematics. We cross-validate and
compare our satellite-based results with very-high-resolution Unoccupied Aircraft System topographic datasets,
and explore how rainfall, simulated pore-water pressure, and nearby earthquakes control the overall landslide
behaviour. The landslide exhibited seasonal and multi-year velocity variations that varied across the landslide
kinematic units. While rainfall-induced changes in pore-water pressure exerts a primary control on the landslide
motion, these alone cannot explain the observed variability in landslide behaviour. We suggest instead that the
observed landslide kinematics result from internal landslide dynamics, such as extension, compression, material
redistribution, and interactions within and between kinematic units. Our study provides, a rare, detailed over-
view of the deformation pattern of a landslide located in a tropical environment. In addition, our work highlights
the viability of sub-pixel image correlation with long time series of radar-amplitude data to quantify surface
deformation in tropical environments where optical data is limited by persistent cloud cover and emphasize the
importance of exploiting synergies between multiple types of data to capture the complex kinematic pattern of
landslides.

1. Introduction

landslides are common in mountainous landscapes worldwide (Lacroix
et al., 2020). Often manifesting as long-term (from months to centuries),

Slow-moving (mm year ! to 100 m year '), deep-seated (>5 m) persistent slope failures, they can erode hillslopes, dominate the
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regional sediment flux, alter the hillslope morphology, and also are
natural hazards that cause significant damage to infrastructure (Mackey
and Roering, 2011; Froude and Petley, 2018; Lacroix et al., 2020). Slow-
moving landslides typically develop in regions with high seasonal
rainfall and mechanically weak, clay-rich regolith and rock. Previous
work has shown that rainfall-induced changes in pore-water pressure
play a primary control on landslide motion (Iverson and Major, 1987;
Iverson, 2000; Hilley et al., 2004; Handwerger et al., 2013; Petley et al.,
2017; Carey et al., 2019). Most slow-moving landslides therefore exhibit
transient velocity variations that track the rainfall patterns, with periods
of increased velocity generally corresponding to periods of high rainfall/
snow-melt and pore-water pressure (e.g., Handwerger et al., 2013;
Schulz et al., 2017; Cohen-Waeber et al., 2018; Lacroix et al., 2020).
Other stress perturbations such as seismic disturbance (Lacroix et al.,
2015; Bontemps et al., 2020), undrained loading (Booth et al., 2018) or
even atmospheric pressure changes (Schulz et al., 2009a) also influence
the landslide kinematics. Most landslides exhibit complex behaviours for
reasons that remain elusive (van Asch et al., 2007; Petley et al., 2017;
Carey et al., 2019). Examples include delayed kinematic response to
stress perturbations, hysteresis in the relationship between rainfall/
pore-water pressure and velocity, non-uniform velocity changes, or a
switch in sliding style from slow-motion to rapid surges or even cata-
strophic failure (Schulz et al., 2009b; Handwerger et al., 2013, 2019b;
Carey et al., 2019; Lacroix et al., 2020). Furthermore, external stress
perturbations alone do not explain these kinematic changes (Hand-
werger et al., 2015; Schulz et al., 2017) and landslide motion is further
controlled by internal dynamics such as extension, compression, mate-
rial redistribution, debutressing, rate-induced changes in shear strength
of the slope materials properties, etc. (e.g., van Asch et al., 2007; Massey
et al., 2013, 2016; Booth et al., 2018). The incomplete understanding of
the mechanisms that govern landslide dynamics is a major source of
uncertainty that hinders our understanding of their hazardous potential.
Therefore it is necessary to continue to investigate slow-moving land-
slides using state-of-the-art monitoring techniques that capture the
complete spatial and temporal landslide behaviours (Lacroix et al.,
2020).

High-resolution spatial and temporal observations are needed to
unravel these complex landslide dynamics (Delacourt et al., 2007;
Stumpf et al., 2014; Hu et al., 2020a; Lacroix et al., 2020). Ground-based
measurements (e.g., differential GNSS, strain gauges, borehole in-
clinometers, etc.) are traditionally used because of high accuracy, pre-
cision, and temporal resolution, but access to field sites and cost, place
strict limitations on the widespread use of these tools (Booth et al.,
2020). Modern remote sensing techniques, such as satellite-based radar
or optical imagery, provide measurements of ground surface change
with mm- to cm-scale accuracy and can be used to identify and monitor
landslides over much larger areas. The growing availability and quality
of short revisit satellite sensors (Elliott et al., 2016, 2020), now enable us
to monitor landslides at weekly timescales almost anywhere on earth
(Lissak et al., 2020).

The mm year ! to 100 m year ! velocity range exhibited by slow-
moving landslides (the latter are sometimes referred to as moderate
velocity landsides; Hungr et al., 2014; Lacroix et al., 2020) is well-suited
for synthetic aperture radar interferometry (InSAR) and sub-pixel image
correlation techniques. InSAR has a millimetre-accuracy with a spatial
resolution of meters to tens of meters and can be used to quantify
deformation day or night and even when there is significant cloud cover
(Scaioni et al., 2014; Wasowski and Bovenga, 2014; Samsonov et al.,
2020). Standard InSAR approaches measure the phase change between
two data acquisitions to quantify deformation (interferogram). If mul-
tiple independent acquisition geometries are available, 2D and 3D
ground surface deformation can also be resolved (Hu et al., 2014; Del-
bridge et al., 2016; Samsonov et al., 2020). To observe changes in sur-
face displacement over time, InSAR measurements are typically
combined/inverted into times series (Berardino et al., 2002; Hooper,
2008; Osmanoglu et al., 2016; Samsonov and D’Oreye, 2017). Many
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previous studies have used InSAR to investigate landslides, leading to
major improvements to our understanding of landslide behaviours (e.g.,
Hilley et al., 2004; Handwerger et al., 2013, 2015; Wasowski and
Bovenga, 2014; Cohen-Waeber et al., 2018). Yet InSAR suffers from
limitations related to intrinsic properties of the phase signal. Over time,
the signal back-scattered by the surface undergoes decorrelation - e.g.,
associated with vegetation or moisture changes, deformation rate, sur-
face geometry, etc. — that restricts the use of InSAR to the study of
scarcely vegetated landslides consistently slower than 1 m yr !
(Singleton et al., 2014; Wasowski and Bovenga, 2014; Schlogel et al.,
2015).

When landslide motion is too fast for InSAR, sub-pixel image corre-
lation (also sometimes referred to as offset tracking) can be used to
measure landslide deformation (Scaioni et al., 2014; Stumpf et al., 2017;
Lissak et al., 2020). Surface displacements are here derived by cross-
correlating two images obtained at different times to measure any off-
sets between the images (Delacourt et al., 2007; Avouac and Leprince,
2015). Various techniques exist (e.g., statistical, phase correlation), and
each generally provides 2D measurements with an accuracy of ~1/10th
of the pixel size. Recently, authors made use of similar time series
inversion approaches to the one applied with InSAR (e.g., Bontemps
et al., 2018; Altena et al., 2019; Lacroix et al., 2019a), enhancing tem-
poral sampling and signal-to-noise ratio — that is a comparison of the
measured signal to the level of background noise — and overall greatly
improving our ability to identify and comprehend time-dependent and
transients processes at play. Sub-pixel image correlation has been used
to measure large surface displacements of glaciers (Altena et al., 2019;
Guo et al., 2020), earthquakes (De Michele et al., 2010; Fielding et al.,
2020), or moderate velocity landslides (Delacourt et al., 2004; Rau-
coules et al., 2013; Stumpf et al., 2017; Bontemps et al., 2018; Lacroix
et al., 2019). It can be performed on multiple types of images including
SAR, optical, and topographic data. While optical images are most
commonly used — amongst other due to availability of medium resolu-
tion data going back to decades, these data are typically limited by the
presence of cloud cover that can limit the temporal resolution and
prevent the identification of transient deformation signals. In those
cases, the use of images from active sensors such as SAR amplitude (i.e.,
a measure of the backscattered SAR signal strength) can be a good
alternative (Raucoules et al., 2013; Singleton et al., 2014). Further ad-
vantages of using SAR (or radar) amplitude images include a lower
sensitivity to vegetation cover and a sensitivity to the vertical compo-
nent of displacement. Looking similar in many ways to a panchromatic
optical image, a SAR-amplitude image differs by its acquisition geom-
etry (side-looking instead of ~nadir for optical images) that induces
geometrical distortions over steep topography (e.g., layover and fore-
shortening; Dzurisin and Lu, 2006). While the use of SAR-amplitude
images is traditionally dominated by case studies on co-seismic and
glacier applications, it has been proven a good alternative to study the
deformation field of relativity rapid (meters per year) landslides (e.g.,
Raucoules et al., 2013; Manconi et al., 2014; Milillo et al., 2014;
Singleton et al., 2014; Sun and Muller, 2016; Sun et al., 2017; Amitrano
etal., 2019; Handwerger et al., 2019a; Li et al., 2019; Xu et al., 2020; Hu
et al., 2020b). Yet, so far case studies on landslides are typically limited
to the use of a few, or a few dozen of images for which deformation
signal is rarely inverted into time series of displacement and images
from different orbits seldom combined.

Here, we investigate the mechanisms and controls on the dynamics
of a slow-moving deep-seated landslide in the tropical rural environ-
ment of the Kivu Rift (DR Congo). We leveraged data from high-revisit
radar and optical satellites to quantify landslide motion with very
high spatial and temporal resolution between 2015 and 2020. The
satellite-derived displacements are validated by direct comparison with
each other and very-high-resolution displacement data obtained from
successive Unoccupied Aircraft System (UAS) measurements. To unravel
the controls on landslide’s motion, we examine external forcings such as
rainfall-induced changes in pore-water pressure and nearby
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earthquakes. We also apply volume conservation techniques to invert for
the subsurface landslide geometry. Our investigation provides a novel
and detailed overview of the deformation processes of a landslide sited
in a tropical environment — that is largely overlooked in the literature. In
particular, we highlight the viability of sub-pixel image correlation with
long time series of SAR-amplitude data to quantify surface deformation
in tropical environments where optical data is limited by persistent
cloud cover and emphasize the importance of combining multiple types
of data to capture the complete landslide kinematics.

1.1. Environmental settings and characteristics of the Ikoma landslide

Located in the landslide-prone Kivu Rift (Monsieurs et al., 2018; Dille
et al., 2019; Depicker et al., 2020; Dewitte et al., 2021), the Ikoma
landslide (Fig. 1; 2.54°S, 28.73°E) is classified as slow-moving deep-
seated mass movement (Lacroix et al., 2020). The landslide developed in
deeply weathered (up to tens of metres) sequences of late Miocene to
Pleistocene basaltic lava (Pasteels et al., 1989; Moeyersons et al., 2004)
interbedded with clay-rich layers that host the landslide shear zones
(Dille et al., 2019). The landslide is 800-m-long and 400-m-wide and
covers an area of 0.17 km?. The topography is sloping towards the south-
east, with a steep (average slope angle ~19°) upper sector and a gentle
downslope section (average slope angle ~6°). Estimates from the land-
slide geometry (ratio between the depth and length of the surface of
rupture) give depth ranging from 10 to 50 m (Dille et al., 2019). The
region is characterised by a bimodal annual precipitation regime with an
average of 1700 mm, with a wet season from September to May (95% of
yearly rainfall) and a dry season from June to August. Note that the
months of January-February are slightly drier months during the wet
season. The slope (and its surroundings) is used for subsistence-oriented
agriculture and characterised by the presence of many, small agricul-
tural plots (Fig. 1 bc). Multiple crop rotations are typical over a single

Tanzania

Remote Sensing of Environment 258 (2021) 112402

year, leading to recurrent vegetation changes at the ground surface.
Dille et al. (2019) analysed the mechanisms and failure development
of the landslide over a 60-year record. They showed that the slide
developed through a series of lateral and retrogressive sliding over the
steepest slope section, contributing to the establishment of a step-like
surface morphology that indicates rotational movement (Unit I —
Head). A prominent main scarp with a ~ 15 to 35 m near-vertical wall
forms its upper limit. Downslope material accumulation led to the
development of an elevated accumulation bulge at the foot of this
steepest hillslope section (Fig. 1). Unit I overridden a zone of stationary
material located at its foot, which triggered movement of a second unit
(Unit II - Central), that is a large, one-block sliding mass undergoing
mostly planar movement. This overloading process took place over a
decade-long period and the destabilisation of this Central unit occurred
after years of material accumulation (Dille et al., 2019). The downslope
movement of the Central unit then removed support of the upper sec-
tions of its west flank, triggering failure of a third, lateral unit (Unit III).
Two recent scarps delimiting back-tilted slope facets here indicate
rotational movement (Fig. 1). Interestingly, Dille et al. (2019) high-
lighted that rather than due to a direct trigger such as rainfall or
earthquakes, some phases of instability seem principally caused by the
intrinsic evolution of the hillslope associated with weathering-related
weakening of the slope strength through time. Their results empha-
sized the significance of considering interactions between the different
dynamic Earth processes, as well as the relative particularity of landslide
processes in tropical environments — where weathering is a central
geomorphological component (Thomas, 1994; Migon, 2010). The ki-
nematics of the landslide and its controls remain yet to be explored.

L ®

headsc

Fig. 1. The Ikoma landslide. a) UAS-derived shaded relief of the landslide (October 2018). Many landslide surface structures are visible, such as scarps, fissures,
secondary landslide, or an accumulation bulge. The location and failure mechanisms of the three landslide units can be determined from studying the landslide
surface topography (Dille et al., 2019). b) aerial view of the entire landslide body (October 2018). The landslide is today farmed for subsistence-oriented agriculture.
Note the steep slope sector where the Head unit developed. ¢) provides a look at the 15-30 m height headscarp. The presence of whitish material underscores the

(deep) alteration of the original basalt layers.
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2. Datasets
2.1. Radar satellite images

We examined 177 descending and 195 ascending high-resolution
(~1.5 m in range and ~ 2.0 m in azimuth) COSMO-SkyMed (CSK)
SAR-amplitude images between March 2015 — April 2019 (Fig. 2). There
is an average of 8 days between successive images for each orbit. We
used the “InSAR automated Mass processing Toolbox for multidimen-
sional Time series” (MasTer) processing chain (Derauw et al., 2020) for
i) precise coregistration (correction of shifts between images induced by
slight differences in acquisition conditions) of images from each orbit to
a ‘super reference’ image and ii) the geocoding of all amplitude images
on a common grid. The super reference image for each series was
selected as the image that minimised the perpendicular baseline be-
tween all image pairs. The SAR data were geocoded to a 5-m resolution
Digital Surface Models (DSM) created from 3 bistatic TanDEM-X pairs
from Nov. 2011 and Jan. 2012 (e.g., Albino et al., 2015). We created two
different datasets, one with geocoded (i.e., orthorectified) and one with
non-geocoded (i.e., in radar geometry) amplitude images; the latter
allowing the characterisation of 3D deformation fields. We also tested if
we could improve the signal-to-noise ratio in displacement time series
by reducing speckle from taking the median of SAR images acquired
<15 days apart. Prior to taking the median value and image matching,
the SAR amplitude images were upsampled from 2 to 1 m resolution
using a bilinear interpolation scheme to reduce mean error in measured
displacement (Debella-Gilo and Kaab, 2011) and avoid aliasing in the
correlation function (Avouac and Leprince, 2015).
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2.2. Optical satellite images

We assembled a large collection of high-to-medium-resolution opti-
cal satellites imagery covering the landslide area. We ultimately used 27
Sentinel-2, 15 Landsat 8, 16 RapidEye and 34 PlanetScope images that
are cloud and shadow-free for the period 2010-2020 (Fig. 2). To avoid
complex viewing geometry adjustments, we only used images with the
same orbit (path) for each sensor. We also created a very-high-resolution
orthomosaic from photogrammetric processing of a Pléiades triplet from
July 2018 in MicMac (Rupnik et al., 2017) and had access to another
Pléiades image from March 2015. We used the 2018 Pléiades ortho-
mosaic as a reference framework to correct global shifts between images
of each given sensor in AROSICS (Scheffler et al., 2017) before calcu-
lating local offsets. Prior to image matching, we resampled Pléiades and
RapidEye images to 3 m resolution (i.e., the PlanetScope image resolu-
tion) and Landsat 8 pansharpened images to 10 m resolution (i.e., the
Sentinel-2 image resolution) using a bilinear interpolation scheme. This
allowed the integration of offset maps from respectively high- (Pléiades,
PlanetScope and RapidEye) and medium- (Sentinel-2 and Landsat 8)
resolution sensors for the reconstruction of time-series of ground
deformation, improving data redundancy and temporal sampling. We
used images orthorectified by providers (Planet Team, 2020; Sentinel
Sentinel Hub, 2020), and therefore acknowledge potential topographic
errors. We, however, postulate that the stacking of large sets of offset
maps (see inversion section) should compensate this topographic bias.

2.3. Unoccupied aircraft systems (UAS)

As validation dataset, we created three very-high-resolution DSM
and orthomosaics by applying structure-from-motion photogrammetry

optical images

N X X X UAS
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u LB | | | u - | Landsat 8
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| I | H EN EESN N EEEN S EE B =N PlanetScope
| | [ | Pléiades
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7

Fig. 2. Datasets. a) timeline of available UAS, satellite images and rainfall records. CSK stands for COSMO-SkyMed. b) key characteristics of image datasets used in
this study. c) location of the main earthquakes documented over the period 2010-2020 close to Ikoma landslide.
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to UAS images acquired over Ikoma landslide in October 2017, June
2018, and October 2018 (Fig. 2). We used a co-alignment workflow in
Agisoft Metashape v1.6 (Agisoft, 2020) to reduce registration errors
between epochs (e.g., Cook and Dietze, 2019; Hendrickx et al., 2020).
Flight paths, flight speed and altitude-to-ground were pre-programmed
to minimise motion blur and maintain a uniform 3.9-5 cm pixel !
ground sampling distance all along the survey area (Supplementary
Table 1). Areas of 0.6 km? (2017) and 0.8 km? (2018) centred over the
0.17 km? landslide were surveyed to ensure the presence of stable lo-
cations within the output models. For each flight, the position of a series
of ground control points was measured using dGNSS and used in the
processing workflow (Supplementary Table 1). In addition to nadir
views, we acquired sets of oblique (15°) images to reduce systematic
DSM errors, (Supplementary Table 1; e.g., James and Robson, 2014).
The final DSMs have an 8-10 cm pixel ! resolution.
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2.4. Rainfall records and earthquake catalogue

We used rainfall data from version 6 of the Integrated Multi-satellite
Retrievals for Global Precipitation Measurement (IMERG-GPM v6 Final;
0.1°x0.1° and half-hourly spatial and temporal resolution; Huffman
et al., 2019) for the period 2000-2020. The latter was validated for the
region by Monsieurs (2020) and locally from rain-gauge records ac-
quired <1 km from the landslide for the period October 2018 — July
2019 and February 2020 — July 2020. Both local and regional valida-
tions showed an overall underestimation of the rainfall amount but a
good agreement with the temporal pattern. We also examined the
earthquake record and selected events significant enough for the po-
tential triggering of hillslope instability over Ikoma based on the Kee-
fer’s (Keefer, 2002) relationship between maximum epicentral distances
to landslides and earthquake magnitude. For the period 2010-2020, we
found six earthquakes with a magnitude (Mw) between 4.8 and 5.8 and
an epicentral distance ranging from 9 to 48 km (Delvaux et al., 2017;

1A. all geocoded

3A. optical-high

4A. optical-medium sets A.

ascending
CSK-amplitude

ascending
CSK-amplitude

image
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Integration and inversion of offset maps
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Fig. 3. Schematic workflow for 2D correlation and image inversion. Image correlation is applied between images from the same sensor/orbit only, but offset
maps from different sensors sharing the same resolution (i.e., set) are integrated and inverted together. This combination allows to increase the temporal sampling
and improve the signal-to-noise ratio. Note that all offset maps from images in SAR-geometry (absent from this illustration) are combined in the same inversion
process to produce 3D datasets.
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Oth et al., 2017; USGS, 2020).
3. Methods

Our aim was not to develop new methods or tools but exploit at their
maximum the large set of remote sensing data at our disposal to create
an extremely dense record of the landslide kinematics — key to unravel
controls on landslide deformation and identify potential trends (multi-
year, seasonal, episodic). To circumvent challenges imposed by land-
slide surges, rapidly changing vegetation and the dense tropical cloud
cover, SAR-amplitude data forms the core of our methodology. Our
workflow is straightforward, uses only well-established methods and
can therefore be easily reproduced (Fig. 3).

3.1. 2D and 3D landslide motion from sub-pixel image correlation

We performed sub-pixel image correlation in the spatial domain on
the orthorectified, co-registered images using COSI-Corr algorithms
(Leprince et al., 2007) to obtain measurements of landslide motion for
radar, optical and UAS datasets. We independently correlated four
different sets of CSK data for ascending and descending orbits. Image
sets were formed as follow: i) geocoded, ii) non-geocoded (i.e., radar-
geometry), iii) individual images, iv) temporal median images (see 2.
Dataset). We limited the temporal baseline between correlated pairs to a
minimum and maximum of 2.8 and 4.2 months, respectively. This limits
i) the computation time, ii) the presence of offset maps with no dis-
placements and iii) decorrelation due to surface changes associated with
vegetation and surface motion. The COSI-Corr algorithms work in two
iterative steps that allow a refinement of the size windows. The choice of
the size of the correlation window results from iterative tests and is a
compromise between maximal surface velocity, desired accuracy and
required spatial resolution (Delacourt et al., 2007). We here used
decreasing window sizes from 128 to 16 pixels for the sub-pixel corre-
lation. We obtained 942 and 798 offsets maps (correlograms) for
ascending and descending sets (Fig. 2b). For sets where we took the
median of successive amplitude images to reduce speckle, we obtained
152 and 148 offset maps for ascending and descending sets, respectively.
We did not apply spatial or temporal filtering to any part of the pro-
cessing workflow. Although we selected a super reference image to
minimise the perpendicular baseline during the coregistration process
(see 2. Dataset), we did not set perpendicular baseline threshold. We
assume that the stacking of very large sets of offset maps (see inversion
section) obtained with different values of perpendicular baseline should
compensate the possible topographic bias (e.g., Raucoules et al., 2013).
Note that while the correlation of geocoded radar images provides es-
timations of EW and NS components of displacement, the correlation of
non-geocoded images (i.e., in radar geometry) offers estimations of
range (or Line-Of-Sight) and azimuth (or along flight) components,
which enables the estimation of the full three-dimensional (3-D) surface
motion when images from at least two different orbits are present
(Milillo et al., 2014; Singleton et al., 2014). After correlation, offset
maps in radar geometry were geocoded so that a pixel from ascending
and descending orbits represent the same location on the ground.

We applied sub-pixel image correlation to the sets of orthorectified
optical satellite images, independently for each sensor. We correlated all
images with temporal baselines between 6- and 15-months. We used
decreasing windows sizes (from 128 to 8 pixels) to measure the east-
west (EW) and north-south (NS) components of the surface
displacement.

The spatial resolution of the offset maps depends on the input image
resolution and the size of the sliding correlation windows. Our radar
offset maps have a 16 x 16 m ground resolution, our high-resolution
optical satellite data (Pléiades, PlanetScope and RapidEye) have a 24
x 24 m resolution, and our medium-resolution optical satellite data
(Sentinel-2 and Landsat 8) have a 40 x 40 m resolution (Fig. 2).

Finally, we created a validation set by correlating 8-10 cm resolution
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shaded relief maps from UAS-derived topographic data (October 2017 —
June 2018 — October 2018). The use of shaded relief commonly offers
higher accuracy results than the correlation of orthomosaics (Turner
et al., 2015; Clapuyt et al., 2017). We used decreasing windows sizes
(from 128 to 16 pixels) to measure the east-west (EW) and north-south
(NS) components of the surface displacement. Because of drastic
changes over the landslide head related to retrogressive sliding, we
additionally had to use displacement information from manual tracking
of 40 targets within the landslide head (e.g., Dewitte et al., 2008; Alberti
et al., 2020). Vertical displacements were measured from DSMs
subtraction.

3.2. Displacement time series inversions

To improve temporal coverage and resolution as well as take
advantage of data redundancy to improve signal-to-noise ratio, we
stacked offset maps to retrieve deformation time series via a Singular
Value Decomposition-based inversion (Fig. 3). This is the standard
approach used in InSAR time series (e.g., Berardino et al., 2002; Hooper,
2008; Samsonov and d’Oreye, 2017) and since offset maps from sub-
pixel image correlation contain the same information as an unwrap-
ped differential interferogram (i.e., information over the ground
displacement in a certain geometry; Singleton et al., 2014) it is appro-
priate to apply this method. We used a multitemporal SAR interfero-
metric inversion method (the ‘Multidimensional Small Baseline Subsets
method’, MSBAS; Samsonov and d’Oreye, 2012, 2017) to stack the offset
maps and invert displacement changes over time. Note that we stacked
together EW offset maps and NS offset maps obtained from ascending
and descending orthorectified radar datasets (Fig. 2b). For offset maps
derived from orthorectified/geocoded sets, we obtained estimates of EW
and NS horizontal surface displacements. For offset maps derived from
radar-geometry sets (i.e., measuring range and azimuth surface offsets),
we obtained estimates of the three-dimensional (3-D) surface displace-
ments. We applied a similar strategy for optical data, here stacking
together EW offset maps and NS offset maps obtained from the corre-
lation of high-resolution optical images (Pléiades, PlanetScope and
RapidEye, later referred as Optical-High set) and medium-resolution
optical images (Sentinel-2 and Landsat 8, later referred to as Optical-
Medium set; Figs. 2, 3).

We extracted displacement time series over four different sites within
the landslide to constrain deformation patterns. These sites are repre-
sentative of the movement over the different zones of the landslide
(Head, Central unit, Toe and Unit III) and chosen to examine in-
teractions between individual landslide units. Average displacements
and standard deviations are measured over 2 x 2 pixels regions (Sam-
sonov and D’Oreye, 2017). Note that the rapid motion and large
deformation of the upper headscarp caused decorrelation that prevented
our time series analyses in this area. We quantified uncertainties in the
displacement time series by comparing them to UAS-measured motion
for the periods October 2017 — June 2018 and June 2018 - October
2018. Changes in landslide motion were compared to earthquake cata-
logues and rainfall-induced changes in pore-water pressure, that, in
absence of in-situ measurements, were simulated through a homogenous
1D diffusion model fed by rainfall data (Handwerger et al., 2013,
2019b). The pore-water pressure diffusion model also requires infor-
mation about the landslide thickness and the landslide diffusivity. To
solve for diffusivity, we set the landslide thickness to 25 m, which is an
average depth value over the landslide (Dille et al., 2019) and a best fit
soil diffusivity of 5.0 x 107> m?s~!. We solved to best fit the value for
landslide diffusivity by minimizing the Root Mean Square Error (RMSE)
misfit between normalised simulated pore-water pressure and normal-
ised average velocity time series over the landslide (Handwerger et al.,
2019b). This diffusivity value falls within the range of diffusivities
measured for landslides in weathered basalts (Baum et al., 1998). The
pore pressure model was run to steady-state by adding 15 years of
IMERG-GPM rainfall estimates (2000-2015; Huffman et al., 2019)
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before the period of the present study. Considering the absence of in-situ
measurements and the simple approach applied, we used this pore-water
pressure solution for the entire landslide. Also, since our aim is exploring
timing and changes in relative magnitude of the pore-pressure over time,
only normalised pore-pressure values are compared to landslide veloc-
ity. Limits of this approach are e.g., described by Handwerger et al.
(2013, 2019).

3.3. Estimating surface strain and landslide depth

We estimated landslide depth and surface strain based on UAS-based
measurements of landslide motion (2017-2018). We used a plane-strain
mass continuity equation considering a range of deformation pixels for
computing strain rates (Handwerger et al., 2019b). Since the strain rate
tensor measurements are sensitive to noise, we downsampled velocity
fields to 10 x 10 m resolution. 3D displacement can be used to quanti-
tatively infer the landslide basal slip surface geometry, and therefore
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infer the landslide depth (Booth et al., 2013, 2020; Delbridge et al.,
2016). Assuming that the horizontal landslide surface velocity is equal
to the depth-averaged velocity, we estimated the active landslide depth
by performing a thickness inversion based on the measured surface ve-
locity and conservation of volume (Booth et al., 2013, 2020). In sum-
mary, the inferred landslide thickness values represent a best solution
that does not violate conservation of volume.

4. Results

UAS-based measurements provided three looks at the landslide
throughout a complete seasonal cycle (September/October is the start of
the wet period (measurements 1 & 3) and June its end (measurement
2)). The 2017-2018 period is also particularly well-suited to study the
landslide mechanisms because it spans one major head retrogression
episode (Fig. 4). UAS-measured landslide motion highlights the high
spatial variability of velocity fields, confirming the presence of three
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Fig. 4. UAS-based measurements of landslide characteristics (2017-2018). a) illustrates the landslide topography over the Head unit in September 2017. bc)
display horizontal and vertical landslide displacements for the 2017-2018 wet season. d) illustrates the landslide topography over the Head unit in June 2018. ef)
display horizontal and vertical displacements measured over the 2018 dry season. In g) are displayed the measurement points used for manual tracking of the
landslide displacements for the 2017-2018 wet season. A distinction is made between points where displacement is measured (in red) or not (in yellow). hi) show
strain rates and depth estimates calculated from 3D displacements over the 2017-2018 period.
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well-defined kinematic units - i.e., portions of the landslide that move
coherently — and their distinct movement styles (Fig. 4; Dille et al.,
2019). Average and maximal horizontal velocities were 7.2 and 25.0 m
yr~! over the landslide Head, 3.6 and 4.7 m yr~! over the Central unit
and 2.0 and 2.8 m yr~! over the third, lateral unit (dominated by east-
ward motion). Vertical displacement maps are dominated by the signal
at the landslide Head (up to 5 m of downward motion). We find
stretching in the Head zone and the head of Unit III, shearing along the
lateral margins of the landslide body, and shortening at the base of the
head unit and Unit IIT (Fig. 4 h). Landslide depth was estimated by
inverting the volume conservation equation from the 3-D surface
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deformation field. Estimated thickness varies from 5 to 50 m, with a
maximum below the landslide headscarp and the lower reach of the
Central unit (Fig. 4i).

Our time series inversion of displacements derived from sub-pixel
image correlation of SAR-amplitude images allowed us to resolve 4.5
years of landslide motion (Fig. 5). Surface velocity fields from SAR
(Fig. 5 abc) showed similarities with UAS-based measurements, except
over the upper landslide head — a zone where the ground surface texture
changed dramatically alongside the retrogression episodes. We observed
distinct kinematic units despite the lower spatial resolution compared to
UAS, and low amounts of noise outside the landslide (principally
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timing of landslide surges (landslide head retrogression). Uncertainties are estimated for each site from the standard deviation of the displacement measured over the
four neighbouring pixels. e) Average horizontal velocity time series over the same four individual sites located in the three units. Changes in velocity are compared to
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restricted to forested areas). Between March 2015 and May 2019, we
measured average and maximal horizontal velocities of 4.6 and 7.0 m
yr~ ! over the entire landslide Head unit, 5.0 and 6.8 m yr ! over the
Central unit and 2.4 and 4.2 m yr~! over the third, lateral unit. We also
analysed time series of displacement at four different sites (Fig. 5). Up to
30 m of horizontal displacement was measured from geocoded SAR-
amplitude over the 4.5-year period (Fig. 5d). 23 m of 3D displacement
was measured using amplitude images in radar-geometry (Supplemen-
tary Fig. 1). An average displacement difference of —0.5 + 0.5 m is
measured between SAR-amplitude and UAS-based measurements for the
four sites and the periods October 2017-June 2018-October 2018.
When combining ascending and descending sets there was an
average time separation of 4 days between successive radar acquisitions,
making it possible to observe changes in kinematics over weekly time-
scales. The time series captured complex kinematic changes including
seasonal variations, brief and episodic accelerations episodes, and multi-
year trends. Seasonal velocity changes are well defined, with consis-
tently higher velocity observed during the wet season (Fig. 5e). For all
three landslide units, lowest velocities are measured at the end of the dry
season (September) and rise rapidly following an increase in simulated
pore-water pressure associated with the onset of the wet season (we
generally observed a time lag of ~20 days). The landslide also exhibited
a multitude of short-lived accelerations episodes, many following rainier
periods during the wet seasons. Interestingly, the landslide displayed
periods of acceleration after major rainfall events and maintained
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increased seasonal velocities for one to two months after the end of the
wet season (Figs. Se, 6a). Large acceleration phases (surges) are super-
imposed on these seasonal kinematic changes (Figs. 5de, 6b). Two
occurred during the study period, each at a different point within the
seasonal cycle, and both directly associated with landslide head retro-
gression episodes. Surge 1 took place in November/December 2015
during a particularly rapid phase of increasing pore-water pressure
within the slope (the first portion of this wet season was wetter than
usual). Surge 2 occurred just after the peak in pore-water pressure at the
end of the wet season (April 2018). This pore-water pressure peak was
the largest over the period 2015-2019, but other, even larger, seasonal
pore-water pressure changes occurred in 2011, 2012 and 2013 without
such consequences (Fig. 7; Dille et al., 2019). Lastly, we did not observe
any direct influence of the nearby earthquakes on the landslide kine-
matics — even of the November and December 2017 Walungu earth-
quakes (see Fig. 2c for location) that were located only 9 and 19 km
away.

Comparison of time series inversions performed using individual
images (Supplementary Fig. 2) instead of median values from closely (<
15 days) succeeding SAR-amplitude images (Fig. 5) shows good agree-
ment, with a slightly increased signal-to-noise ratio for the inversion
with the median amplitude image. Using the median amplitude images
greatly reduced the computation time by lowering the number of pairs
to be computed (from 1740 to 300, Fig. 2), but slightly decreased the
temporal resolution of our time series (Fig. 2b). We recommend this
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Fig. 7. Comparison between radar- and optical-based measurement of landslide motion (2010—2020). Horizontal average velocities for (a) SAR dataset
(median geocoded CSK), (b) the Optical-High dataset (PlanetScope, RapidEye and Pléiades) and c the Optical-Medium dataset (Sentinel-2 and Landsat 8). def)
Cumulative horizontal displacement and average horizontal velocity for the three same datasets and extracted for two individual sites within the landslide (location is
shown by the triangles in abc). The blue line corresponds to the rainfall-induced changes in pore-water pressure simulated through a simple, homogenous 1D
diffusion model. The black cross represents the displacement measured by UAS for the same locations (the position of the first cross has been arbitrarily set at the
position of the radar cumulative displacement for easing comparison). Red bars illustrate the timing of landslide surges. Uncertainties are estimated for each site from
the standard deviation of the displacement measured over the four neighbouring pixels. g) Earthquake (Mw > 4.8; distance < 50 km) and rainfall time series for
Tkoma. Rainfall data are satellite rainfall estimates from IMERG-GPM. 30-day accumulation (grey shades) and daily rain amounts (blue bars) are represented.

approach for future studies that are limited by noisy datasets. We also
compared time series obtained with correlation applied on geocoded
amplitude images and amplitude images in radar geometry (Supple-
mentary Fig. 1). While no information is gathered on the vertical
component of displacement with geocoded images, it provided a better
spatial delineation of the velocity fields. With images in radar geometry,
we observed an underestimation of the landslide motion in zones with
the steepest slopes (Head and Unit III). We hypothesised that it may

10

translate an effect of layover/foreshortening during the image correla-
tion process. For the Central unit, the pattern and magnitude of dis-
placements seem in accordance with the geocoded datasets.

Fig. 6 illustrates strong relationship between landslide velocity and
rainfall-induced pore-water pressure changes, with periods of increased
velocity generally corresponding to periods of high pore-water pres-
sures. We sometimes observed different kinematic behaviours for the
individual landslide units, both in terms of magnitude and timing of the



A. Dille et al.

kinematic changes. This is particularly true following the head unit
retrogression episodes. Fig. 6b highlights the propagation of an accel-
eration wave through the landslide around the first surge, starting with
the landslide Head and the Central unit and then spreading downslope to
the landslide toe and Unit III. We also observe breaks in the velocity
pattern at the time of the head retrogression. These downslope kine-
matic waves do not appear to occur in the absence these episodic
headscarp collapses. Analysis of the relationship between landslide
changes in velocity and simulated pore-water pressure shows complex,
non-linear patterns that are not consistent over time (Fig. 6 cde). Rising
pore-water pressure was associated with higher movement rates than
falling pore-water pressure for Wet Year (WY) 2016 and 2018, which
both experienced head retrogression episodes. We observed a strong
velocity decrease while pore-water pressure was at very high levels for
WY 2016 (Fig. 6¢), but a more constant velocity while pore-water
pressures were declining for WY 2018 (Fig. 6e). Patterns are less clear
for WY 2017 where velocities are generally lower, but we found a
reverse relationship where velocities were generally decreasing with
increase in pore-water pressure and the landslide accelerated even as
pore-water pressure started to fall (Fig. 6d).

Fig. 7 shows a comparison of surface velocity fields and time series of
deformation for SAR and optical satellite datasets. Over the period
2015-2020, the high-resolution optical datasets (RapidEye, PlanetScope
and Pléiades) showed average and maximal horizontal velocities of 1.7
and 4.4 m yr! over the entire landslide Head unit, 2.6 and 4.8 m yr!
over the Central unit and 2.5 and 4.8 m yr~! over the Unit III. Velocities
measured from the medium resolution optical dataset (Sentinel-2 and
Landsat 8) were very similar, with 2.4 and 3.8 m yr~! average and
maximal horizontal velocities over the landslide head, 2.8 and 4.6 m
yr~! over the central unit and 2.4 and 3.3 m yr~! over the third unit.
Time series obtained from both optical datasets have a much lower
temporal density of measurements than the one obtained with SAR data
(97 and 175 offsets maps for high- and medium-resolution optics data-
sets, Fig. 2b), and a lower signal-to-noise ratio compared to SAR time
series — which manifest as larger standard deviations in velocities for
surrounding pixels, rugged patterns of displacement and velocity time
series, and erroneous negative velocities (Fig. 7 ef). The average
displacement difference with UAS for the four sites is —1.3 + 1.5 m and
— 1.9 + 1.3 m for Optical-High and Optical-Medium sets, respectively.
Despite the lower temporal resolution and data quality, the optical
datasets allowed us to examine the landslide kinematic before 2015. We
found that the landslide was stable between 2010 and mid-2013. Surge 1
and related acceleration is clearly observed by both optical datasets, but
the timing of Surge 2 was missed because of an absence of cloud-free
images at that time. While an underestimation of the surface displace-
ment over the head unit is observed for both optical datasets, the overall
pattern of motion is otherwise captured.

5. Discussion
5.1. Controls on the landslide kinematics

Slow-moving landslides generally exhibit highly variable velocities
in space and time (Massey et al., 2013; Lacroix et al., 2020), and Ikoma is
no exception. Sub-pixel image correlation applied to SAR-amplitude
images confidently resolved landslide surface velocities, offering
spatially and temporally dense kinematic data making possible the
identification of mechanisms and controls on the landslide kinematics
over a large range of timescales. We observed velocity changes that
included seasonal variations, transient acceleration episodes, episodic
failure events and multi-year trends (Figs. 5-7). Similar to many other
landslides (e.g., Handwerger et al., 2013; Carey et al., 2019), these ki-
nematic changes are closely tied to variations in pore-water pressure
within the landslide. The landslide response to rainfall-induced pore-
water pressure changes is non-linear, and we generally observed a time
lag of ~20 days between onset of rainfall and landslide acceleration that
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we infer is related to the time it takes for an increase in pore-water
pressure to propagate to the basal sliding surface (e.g., Hilley et al.,
2004; Figs. 5e, 6a). This time lag is short compared to most deep-seated
landslides, for which prolonged periods often exceeding a month of
increased rainfall are usually necessary to trigger acceleration (Iverson
and Major, 1987; Malet et al., 2002; Hilley et al., 2004; Handwerger
et al., 2013; Massey et al., 2013). We also found that the influence of
rainfall on the landslide velocity is long-lasting, with the peak motion
occurring, on average, during the end of the wet season when rainfall
amounts are already in the decrease towards the dry season (Fig. 6a). It
is at that moment of the year that most landslides are reported in the
region (Monsieurs et al., 2018). Such a faster landslide response to a rise
in pore-water pressure than to a fall in pore-water pressure translates
hysteresis pattern over seasonal timescales (Carey et al., 2019). Such
behaviours are however not unique (e.g., Malet et al., 2002; Corominas
etal., 2005), and our very-dense time series may capture a response that
is usually missed with the lower sampling frequency of conventional
InSAR or satellite optical measurements.

Interestingly, we found that rapid acceleration of the landslide oc-
curs both at the onset of the wet season (when groundwater table is
expected to be at its lowest) and during periods of intense rainfall during
the wet season (when groundwater table level is expected to be high).
These changes in landslide kinematics suggest that minor changes in
effective stress control changes in velocity (Schulz et al., 2009b), with
the landslide remaining close to an acceleration threshold all year long
(Iverson and Major, 1987; Hilley et al., 2004). This observation is
consistent with the landslide “bathtub hypothesis”, whereby landslides
remain wet year-round because low-permeability shear zones that pre-
vent groundwater drainage and hydrologically isolate landslides from
their surroundings (Baum and Reid, 2000; Nereson et al., 2018). Evi-
dence of the “bathtub” is provided by Dille et al. (2019), who observed
slickensided clay-gauges at the contact between basaltic layers.
Furthermore, these low permeability layers are believed to have played
a role in the early destabilisation of the slope (Dille et al., 2019).

We did not observe any direct landslide accelerations following
nearby large earthquakes. However, these earthquakes occurred at the
end of the dry season or early into the wet seasons when pore-water
pressures were relatively low. Several months after the largest earth-
quakes occurred the two surges/head retrogressions. While our data
showed that the earthquakes did not directly trigger accelerations, they
may have caused weakening of the landslide material that promoted
further destabilisation during the following (particularly) wet seasons.
More work is needed to better understand the combined role of earth-
quakes and precipitation, which have been shown to work together to
promote instability of slow-moving landslides (e.g., Bontemps et al.,
2020).

While the entire landslide seems sensitive to both short and pro-
longed (seasonal) water inputs, velocity changes do not appear syn-
chronously along the landslide body. It is well illustrated by the
propagation of an acceleration wave alongside head retrogression epi-
sodes (Head > Central > Toe > Unit III; Fig. 6b). The order of the ac-
celeration sequence suggests a stress propagation mechanisms similar as
the one proposed for the initial landslide failure (Dille et al., 2019): i.e.,
undrained loading from material accumulation at the foot of the Head
unit increased the shear stress and triggered the movement of Central
unit that propagated to the landslide toe, and finally removed support
and triggered acceleration of Unit III. We observed delayed accelerations
up to ~100 days between units when movement is driven by undrained
loading. We also found that units with the smallest inferred depth
(Fig. 4i) reacted last to changing precipitations, which suggests that
internal mass redistribution and stress transfer are here more important
than the (a priori) spatially uniform stress perturbation induced by
rainfalls. This sequence emphasizes the importance of changing stability
of the landslide head - that affects kinematics therein and downslope,
but also of considering internal landslide dynamics alongside the effect
of external forcings (e.g., Schulz et al., 2017).
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The analysis of the complex relationship between pore-water and
velocity changes also highlights the importance of local conditions
associated with landslide geometry, material properties or stress transfer
between units. For WY2016, we observed that both periods of landslide
acceleration and deceleration occurred during the peak in pore-water
pressure (Fig. 6¢). This (rapid) velocity decrease under high and
increasing pore-water pressure (i.e., important stress forcing) suggests
that the landslide is controlled by strain-hardening or velocity-
strengthening friction which acts to prevent runaway acceleration
(van Asch et al., 2007; Petley et al., 2017; Booth et al., 2018; Hand-
werger et al., 2019a). Interestingly, the opposite behaviour is observed
for WY2017 and WY2018 (Fig. 6 de), with velocities that are compar-
atively low as pore-water pressure increases (and peaks) and high as it
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decreases, suggesting that frictional resistance decreases with displace-
ment (strain weakening behaviour; Petley et al., 2017). This change in
frictional behaviour for the different WY implies that large strains can
change the landslide material response (van Asch et al., 2007; Hand-
werger et al., 2016; Petley et al., 2017), and show that the landslide
kinematics are influenced by local conditions and internal dynamics
associated with movement and stress transfer between units (Petley
etal., 2017). These diverse behaviours highlight the complex kinematics
exhibited by slow-moving landslides and the challenges entailed in
predicting the velocity of landslides (Booth et al., 2020).

The complex spatiotemporal velocity pattern is well illustrated in
Fig. 8, which shows radar-based estimates of the quarterly horizontal
landslide velocity. These maps illustrate well the succession of periods of
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relative quiescence and episodic instabilities, emphasizing that the
entire landslide is not active at all time and highlighting the important
intra-unit velocity variations over time.

While the Ikoma landslide’s kinematic is today primarily controlled
by rainfall-induced pore-water pressure changes in the slope, phases of
instability that shaped the landslide are thought to be intrinsically
related to process of hillslope evolution rather than a defined trigger
event (Dille et al., 2019). Local conditions (e.g., tropical climate and
lithology favouring deep weathering and low shear strength) have
reinforced the role of the so-called underlying causes to landsliding, that
seemed ultimately the primary cause of previous failures (Dille et al.,
2019). This is, however, not necessarily conflicting with today’s
behaviour considering how the failures have completely transformed
hillslope stress conditions. An example is provided by the landslide
sensibility to peaks in pore-water pressure: peaks 10-15% larger than
the one that triggered Surge 2 occurred in 2011, 2012 and 2013 without
such consequences (Fig. 7; Dille et al., 2019). Modifications to the slope
geometry/stress field caused by Surge 1 are likely responsible to this
change in behaviour of the landslide. Hence, emphasising the particular
importance of underlying landslide causes in contexts favouring rapid
weakening of the slope mechanical properties do not discount the
importance of external forcing to explain the complete evolution of the
hillslope, but stresses the relevance of considering multiple dynamic
Earth processes and their interactions at different time scales to unravel
hillslope development processes.

5.2. Image correlation for measuring landslide motion

We created a dense set of kinematic data for Ikoma landslide from a
combination of sub-pixel image correlation and time series inversion of
UAS, SAR-amplitude and optical satellite data. All provided satisfactory
records of the multi-year landslide motion (Figs. 4-8). Yet, all datasets
are not equivalent to improving our understanding of the processes
controlling landslide motion. While UAS data provides topographic and
deformation products with unmatched spatial resolution and accuracy
—prime tools for picturing the landslide mechanisms (Booth et al., 2018;
Dille et al., 2019), multi-temporal data collection is time consuming,
limiting the prospects to characterise kinematics from UAS data (Eltner
et al., 2016). The use of optical satellite images provides an already
much better temporal resolution that can capture the main kinematic
behaviours. Yet, noise in the time series due to coregistration and
orthorectification errors, surface changes, intrinsic limits of correlation,
etc., and a comparatively low temporal sampling prevented clear iden-
tification of timing of key phases of landslide motion when compared to
the SAR data. Therefore, we find that SAR-amplitude images offer the
best balance between high-temporal and high-spatial resolution defor-
mation measurements and encourage the use of sub-pixel image corre-
lation to monitor landslides for future studies. Internal dynamics and
interactions between landslide units are captured and the all-weather/
day-night capabilities of active sensor provide time series with very
few temporal gaps. Overall, we showed this last method to be particu-
larly adapted for the analysis of highly variable process in space and
time such as landslides.

Because dense time series are key to the identification of transient
surface processes, it is necessary to utilize data with a high temporal
sampling. By integrating offset maps measured over different time spans
— as it is usually done in a standard InSAR workflow — we were able to
exploit the redundancy of displacement fields and derive robust and
dense displacement time series from both SAR-amplitude and optical
images. We could further improve temporal sampling (and data redun-
dancy) by integrating together offset maps of optical sensors with
roughly the same resolution (respectively into Optical-High and Optical-
Medium sets), and offset maps obtained from the correlations of
ascending and descending radar sets (Fig. 2b, 3; Supplementary Figs. 4,
5, 6). Alongside an increased temporal sampling, the integration and
reconstruction of time series of ground deformation from velocities
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measured over different time spans averages out the effect of various
sources of noise (e.g., topographic, orbital, etc.) improving the signal-to-
noise ratio (Samsonov and d’Oreye, 2012). While recent sensors con-
stellations such as PlanetScope and Sentinel-2 theoretically offer sub- to
weekly temporal sampling, the number of operational scenes is inher-
ently limited by the cloud cover — almost persistent during wet season(s)
in tropical regions. Restricting our optical sets to scenes where the
landslide was free of clouds, we essentially used images acquired during
the dry season, restricting the identification of temporally variable dy-
namic controls. Also, as sufficient displacement (that varies in function
of the pixel size of the image used) is required for accurate measure-
ments, slow landslides may require long time span of offset maps before
being able to measure any motion, which can further greatly reduce the
temporal sampling with medium resolution images. The overall quality
of the optical datasets was also limited by our relatively simple work-
flow, where pre-orthorectified images with (unconstrained) topographic
bias are used. A stricter data preparation (i.e., using the same high-
resolution DSM for in-house orthorectification and co-registration,
correction of co-registration artefacts, outlier removal by applying fil-
ters, etc.; e.g., Stumpf et al., 2017, 2018; Bontemps et al., 2018; Altena
et al., 2019) should improve individual offset maps and the overall ac-
curacies. Generally, the slower the displacement to measure the more
crucial is a stricter procedure. Using more images from very-high-
resolution and quality sensors such as Pléiades would certainly have
provided higher quality optical outputs (e.g., Stumpf et al., 2014, 2017)
but they are costly and especially difficult to obtain at regular intervals
in tropical regions (Dewitte et al., 2021).

Our work demonstrates the interest of applying a combination of
sub-pixel image correlation and time series inversions on long series of
SAR-amplitude images to obtain detailed measurements of landslide
motion. While we had to rely on satellite remote sensing for studying the
dynamics of Ikoma landslide, neither traditional methods such as image
correlation applied on optical satellite (impeded by the frequent cloud
cover) nor SAR interferometry (made impracticable by the meter per
month velocities and the rapidly changing vegetation cover) were able
to provide such dense time series of landslide motion. The characteris-
tics of the SAR-amplitude data (low dependence to weather conditions,
repetitiveness, spatial resolution, etc.) make them particularly well-
suited to study surface processes in zones affected by persistent cloud
cover. But the characteristics of the kinematic datasets collected (e.g.,
high-spatial and sub-weekly temporal resolution, ability to measure
meter per month velocity surges, good signal-to-noise ratio, etc.) stress
that time series of SAR-amplitude images should also be considered as
performing alternative for landslide studies elsewhere on the globe. The
simple workflow proposed here builds only on existing tools and can
easily be applied on other targets. Even where high-resolution SAR
images are not available, we believe that offsets obtained from Sentinel-
1 images can provide insights for many large landslides. Focusing on
Sentinel-1 range offsets only (2.7 m resolution) will in addition already
provide deformation maps with a fairly high spatial (and temporal)
resolution (e.g., Sanchez-gamez and Navarro, 2017).

While offering much lower temporal sampling, optical satellite data
has here been able to highlight the landslide acceleration associated
with the main instability phases. The availability of historical (very-)
high-resolution satellite and airborne optical images around most places
of the globe moreover offers invaluable insights to understand the his-
tory of hillslope failures (e.g., Bennett et al., 2016; Dille et al., 2019).
While research usually focuses on the use of either optical or radar
wavelengths, detailed kinematic measurements will always benefit from
taking advantage of synergies between both imaging techniques, that
complement each other drawbacks and increase the frequency of mea-
surements (Lacroix et al., 2020). This will ensure a better exploitation of
the large and growing archive of repeat satellite imagery, as well as
better meet the increasing needs to quantify and monitor landslides
around the globe.
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6. Conclusion

We used UAS, SAR-amplitude and optical satellite data to unravel the
complex dynamics of a landslide located in the tropical Kivu Rift. We
applied a combination of sub-pixel image correlation and time series
inversion to measure landslide ground surface deformation and exam-
ined important landslide forcings such as rainfall, simulated pore-water
pressure, undrained loading, and nearby earthquakes. Our kinematic
dataset showed that rainfall-induced pore-water pressure exerts the
main control on the landslide motion. Yet, we also found that external
forcings alone cannot explain all of the observed kinematic variability,
emphasizing that internal landslide dynamics (extension, compression,
material redistribution, etc.) and interactions between kinematic units
exert strong control on the landslide motion. These complex behaviours
highlight the challenge in predicting the velocity of landslides. We
would not have been able to identify and monitor the landslide kine-
matics with the same level of characterisation using SAR interferometry
or optical satellite images alone due to constraints brought by the
landslide velocity, rapidly changing surface and the persistence of a
dense cloud cover during the long wet season. The combination of sub-
pixel offset tracking and time-series inversion on SAR-amplitude images
thus represents a performing alternative for the characterisation of
landslide motion — and not only for landslides in tropical regions.

Long-term, detailed characterisation of landslide kinematics remains
rare and generally concerns a few case studies in high-income countries
(Schulz et al., 2009b; Lacroix et al., 2020) that are not representative for
the diversity of environmental conditions (climate, tectonic, lithology,
weathering, etc.) and external forcings (rainfalls, earthquakes, human
influence, etc.) that impact landslide activity. While local knowledge
and field characterisation will always remain crucial, available tools and
the large and growing archive of repeat satellite imagery offer oppor-
tunities to meet the needs to quantify and monitor landslides all around
the globe. Quantifying the controls on landslide motion is essential for
characterising how surface processes influence paces of landscape evo-
lution and the accurate evaluation of the landslide hazard. While
mountain regions of the tropics tend to be disproportionately impacted
by landslides (Froude and Petley, 2018; Emberson et al., 2020; Lacroix
et al., 2020), we believe the information gathered in this study will help
the understanding of these processes not only in the particularly data-
scarce Kivu Rift region but also across regions where similar environ-
mental conditions are met.
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