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Abstract

Flow-like landslides in clay slopes pose major threats to people and infrastructure,
which has led to numerous studies in recent decades. However, the mechanisms
leading to the solid-fluid transition in clay are still poorly understood, despite numer-
ous studies on its rheological evolution. The aim of this study is to contribute to
quantify the degradation of clay at the surface of the Harmaliére landslide (French
Alps) from the analysis of a series of three unmanned aerial vehicle (UAV) acquisi-
tions. Two approaches were combined to process the acquired optical images. First,
image classification was performed applying object-based image analysis (OBIA) to
the red, green and blue (RGB) and surface roughness layers. Second, deeper analysis
of the surface roughness allows to describe the morphology evolution and to inter-
pret the degradation scheme from undegraded clay to degraded clay.

The study shows that the applied methodology is appropriate to perform a thorough
analysis of the material degradation pattern on the surface of a landslide. The tempo-
ral analysis shows an average degradation rate leading to the complete degradation
of a block in about 2 years. Meanwhile, a spatial analysis shows that non-degraded
clays degrade faster in the lower part of the study area, reactivated 30 years ago,
than in the upper part, reactivated only a few years ago. In addition, roughness ana-
lyses enabled to highlight the evolution of the morphology during the degradation

process of the clay blocks, from angular blocks to mounds.
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(French Alps) where the shear wave velocity (Vs) at a given depth

decays by a factor of at least two from the headscarp to the toe, and

Flow-like landslides on clay slopes are worldwide spread and pose a is inversely correlated to the displacement rate (Jongmans

major menace to people and infrastructures, which has prompted
numerous studies over the last 20 years (Bertello et al., 2018;
Chambers et al., 2011; Fiolleau et al., 2021; Giordan et al., 2013;
Mackey & Roering, 2011; Malet et al., 2005; Picarelli et al., 2005).
Many of these landslides exhibit a sliding mechanism involving rigid
blocks in their upper part, evolving towards a flow-like mechanism
(earthflow or mudflow) at the toe. This transition implies a strong
hydro-mechanical degradation of clay-rich formations (from rock or
stiff soils to soft soils) due to landslide-induced deformation and sur-
face weathering. This strong decrease in material along landslides has

been quantitively demonstrated in the clayey Avignonet earthslide

et al.,, 2009; Renalier et al., 2010). However, a few metres thick low-
velocity layer (Vs < 200-300 m/s) is systematically detected at the
surface of clayey landslides (Bertello et al., 2018; Fiolleau et al., 2021;
Renalier et al., 2010; Travelletti et al., 2013; Uhlemann et al., 2016),
which can be the result of a shallow slip surface but also of
weathering due to environmental factors (rainfall, drought, freezing,
thawing). The degradation of the mechanical properties with
weathering, through wetting-drying and freeze-thaw cycles, has been
extensively studied in the laboratory on clay rock samples (Graham &
Shields, 1985; Meisina, 2004; Pardini et al., 1996; Pineda et al., 2014;

Zou et al., 2020). Wetting-drying cycles were shown to induce an
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accumulative irreversible swelling and increase in porosity, as well as
an irreversible reduction of rock stiffness and strength, associated
with fissuring (e.g., Pardini et al., 1996; Pineda et al., 2014). Field
observations on weathered shales in the Apennines (northern Italy) in
a landslide-prone area revealed that climate fluctuations (wet-dry
periods) generate swelling and shrinking cycles, which contribute to
the rapid degradation of the clay material (Meisina, 2004). Shrinkage
generates cracks up to metric depth in the dry season, allowing water
to infiltrate into the soil and promoting weathering and sliding. Freez-
ing has also been early identified as a major factor contributing to the
development of fissures in clays (Graham & Shields, 1985; Zou
et al., 2020). Comparing the effects of wetting-drying and freeze-
thaw cycles, Pardini et al. (1996) found that the latter were the most
effective in the structural modification of a clay mudrock. These
results were corroborated by field observations on the Vallcebre land-
slide (eastern Pyrenees, Spain) where Regliés et al (1995) found that
the material weatherability is predominantly controlled by strong
freeze-thaw cycles at high moisture values.

The combination of landslide-induced deformation and
weathering then degrades the soft surficial layer and results in signifi-
cant temporal and spatial changes in the landslide surface morphology
(e.g., Fiolleau et al., 2021; Travelletti et al., 2013). These changes are
however difficult to quantify using conventional field techniques and
their monitoring requires the acquisition of high-resolution remote
sensing data. In the last two decades, airborne and satellite techniques
have been increasingly used to characterize the surface morphology
and monitor surface changes in landslides (Baum et al., 1998; Booth
et al., 2020; Lacroix et al., 2018; Stumpf et al., 2014; Wasowski &
Bovenga, 2022). Developments of high-resolution digital elevation
models (DEMs) make it possible to calculate and follow various attri-
butes of the morphology such as slope, roughness and curvature for
landslide characterization and monitoring (e.g., Bonetti &
Porporato, 2017; Goetz et al.,, 2014; Hurst et al., 2013; McKean &
Roering, 2004; Nappo et al., 2021; Pawluszek et al., 2018).

Two main techniques are used to create a DEM: laser scanning
(light detection and ranging, LIDAR) and stereophotogrammetry using
optical imagery, which is used in this study for generating elevation
models. For landslide investigation, photogrammetry was initially
applied from aerial plane data (e.g., Walstra et al., 2007), then from
satellite images (e.g., Deilami & Hashim, 2011) and more recently from
unmanned aerial vehicles (UAVs) (e.g., Peternel et al., 2017; Rossi
et al., 2018). Stereoscopic image processing allows sub-metric resolu-
tion for classical airborne acquisition whereas, for satellite optical
acquisition, the resolution varies from 10 m for the Sentinel-2 constel-
lation to 0.7 m for very high-resolution satellites such as the Pleiades
constellation (Lacroix et al., 2015, 2018; Stumpf et al., 2014). A signifi-
cant improvement in resolution has been achieved by acquiring data
from UAVs flying typically a few metres to a few tens of metres above
ground surface, and which have been increasingly used for landslide
mapping and monitoring (Casagli et al., 2017; Cignetti et al., 2019;
Comert et al., 2019; Lucieer et al., 2014; Ma et al., 2019; Peternel
et al., 2017; Rossi et al., 2018). These UAVs can be equipped with
high-resolution cameras and/or LiDAR scanners and have demon-
strated their ability to provide high-resolution images and DEMs with
centimetric resolution on potentially hard-to-reach areas such as land-
slides (Eker et al., 2017; Lucieer et al, 2014). Bridging the gap

between terrestrial and satellite observations, this flexible technique

seems well suited to accurately monitoring surface and morphological
changes at the landslide or drainage basin scale (Nappo et al., 2021;
Niethammer et al., 2012; Samodra et al., 2020).

The acquisition of an increasing number of images and the gener-
ation of DEMs have been accompanied by the development of semi-
automatic and automatic processing methods to objectively and rap-
idly quantify the changes observed on the landslide surface. The
processing can be made on the image radiometry (Puniach
et al., 2021) and/or on DEM attributes such as slope and roughness
values (Berti et al., 2013; Shepard et al., 2001). Among the different
processing techniques, object-based image analysis (OBIA) has
emerged as a predominant tool in remote sensing (Blaschke, 2010)
and has recently been successfully applied to detect and map
landslide-deformed areas from satellite or UAV optical images
(e.g., Comert et al., 2019; Ghorbanzadeh et al., 2022; Hoélbling
et al., 2017; Ma et al., 2019). This technique (Ma et al., 2017) consists
of first segmenting images by grouping pixels together into vectors
objects and then classifying these objects using their properties
(shape, spectral properties, roughness, etc.). This approach is well
suited to classify objects such as landslides, scarps or clay blocks
(Chang et al., 2012). Numerous algorithms such as SVM (support vec-
tor machine) and random forest can be used to classify the objects
retrieved from the segmentation steps (Heleno et al., 2016; Tehrani
et al,, 2021). Among them, the decision tree algorithm is a simple and
understandable method to predict the value of a target from several
inputs and their corresponding thresholds (Ma et al., 2017).

In addition, topographic spectral analysis has been already used in
geomorphology to quantitatively characterize topography at different
wavelengths (Berti et al., 2013; Evans, 2006). This approach has also
been successfully applied to surface roughness (Chae et al., 2004).

The objective of this study is to analyse and quantify the degrada-
tion of stiff clay blocks that have slipped in the upper part of a com-
plex landslide, using high-resolution images from three UAV
acquisitions and the derived DEMs. First, we made a classification of
the materials present at the surface of the landslide, using an OBIA
from the radiometric properties and the roughness extracted from
DEMs. We were able to identify four types of soil (intact clay,
degraded clay, filling clay and surface deposits). By processing the dif-
ferent images, we then calculated the variations in the percentage of
soil type as a function of time, which made it possible to evaluate the
degradation of the clay in time and space. Second, we focused on the
evolution of the roughness in time and space by performing spectral
analysis, allowing a better understanding of the degradation patterns.
The clay degradation was analysed at three different spatial scales:
over the whole study area (about 15 ha), two intermediate sized areas
(about 0.6 ha) and metric-sized blocks. As no motion was detected on
the surface during the survey period, the degradation observed in this

study is interpreted as resulting mainly from weathering.

2 | SITEDESCRIPTION

The Harmaliére landslide is located 30 km south of the city of Greno-
ble, France, in the Triéves area (French Western Alps; Figure 1).
Numerous landslides developing in a thick glacio-lacustrine clayey
layer affect this area (Biévre et al., 2012; Fiolleau et al., 2021; Lacroix

et al., 2018). During the last Quaternary glaciation, the southward-
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FIGURE 1 Location and delineation of the
Harmaliere landslide on a LIDAR DEM acquired on
26 November 2019. The whole landslide and the
present-day active part are delimited by black and
green lines, respectively. The upper part is a
compound slide characterized by internal scarps
(> 5 m high) with a concave shape (blue lines),
while the lower part is an earthflow showing
convex ridges (yellow lines). The black area

o
delimits the zone pictured in Figure 2. [Color =4
figure can be viewed at wileyonlinelibrary.com] 2
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moving Romanche glacier dammed the northward-flowing Drac River,
creating a lake that lasted several thousand years (Monjuvent, 1973)
and was filled with a thick deposit (up to 250 m) of glaciolacustrine
laminated clays. The study site is located at the tongue of the glacier
and experienced successive episodes of glacier retreat and advance.
This induced an alternating deposition of glaciolacustrine laminated
clays and unlaminated clays mixed with pebbles originating from the
moraines brought by the glacier (Biévre & Crouzet, 2021). A layer of
moraine, about 50 m thick on the plateau located a few hundred
metres to the northwest and reducing to a few metres at the
headscarp, caps the glaciolacustrine sequence. After the glacier
melted, rivers have deeply incised the geological formations and
allowed the initiation of numerous landslides.

The Harmaliére landslide affects an area of around 1.8 x 10° m?
for an estimated volume of 45 x 10° m® and a mean slope of 9°
(Carriére et al., 2018; Fiolleau et al., 2021). The active zone (green line
in Figure 1) is 1450 m long and 400 m wide at the top, narrowing to
150 m at the toe. The landslide has retrogressed by several hundred
metres over the past 50 years (Besson, 1996; Moulin & Robert, 2004).
In its upper part the landslide presents a 25 m-high headscarp, below
which are found several concave internal scarps 5 to 20 m high (mar-
ked in blue in Figure 1). The mechanism at the headscarp is block slid-
ing (Fiolleau et al., 2021). Once in the slide, the clay blocks are subject
to weathering and degrade rapidly as they move downward, from
sharp-edged parallelepipedal shapes to rounded shapes and to
mounds of decreasing height. In contrast, the morphology of the

lower part is smoother and characterized by the presence of ridges a

910000

EHM-WiLey2

Easting UTM31N (m)
911 000

Landslide limits:
= Whole landslide |

— Active part

—— Studied zone

—— Internal scarps
Convex ridges

few metres thick with convex shapes (yellow lines in Figure 1),
suggesting a flow-like mechanism. Observations suggest that these
ridges are generated by multiple slip surfaces. The central part exhibits
a mixture of concave and convex shapes, indicative of a transition
zone between sliding and flow mechanism. On the basis of these
observations, the Harmaliere landslide can be categorized as a com-
pound earthslide in its upper part and an earthflow in its lower part,
according to the classification proposed by Hungr et al. (2014).

The lower part of the Harmaliére landslide is covered with dense
and thorny vegetation, which limits access and makes investigation in
this area difficult. For this reason, the study of clay degradation based
on photogrammetric data was not possible in the lower part of the
landslide and was carried out only in the upper part with low vegeta-
tion density. The area covered by the UAV flights is located in
Figure 1 by a red polygon. Eight classes were defined corresponding
to vegetation (low and high), water, shade and four different types of
soil. The different soils are presented in Figure 2 (location of the pic-
ture in Figure 1, black rectangle). The intact grey clay (orange rectan-
gle) appears as sharp-edged slipped blocks corresponding to intact
blocks composed of the succession of laminated clay and non-
laminated clay with pebbles. The degraded clay (yellow rectangle) is
dark grey in colour and is mixed with lighter coloured pebbles of
centimetre to multi-centimetre size. The filling clay (green rectangle)
results from the erosion and deposition of the degraded clay in small
depressions. These clay deposits with high moisture content are dis-
tinctive for their flat, smooth surface with desiccation cracks in dry

periods. Finally, the surface deposits (blue rectangle) appearing in the
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upper part of the studied zone correspond to a thin, beige-coloured

colluvial layer consisting of a mixture of clay and morainic material

carried down the slope.

3 | METHODS

The flowchart of Figure 3, which was applied to evaluate clay degra-
dation, shows the different phases of acquisition, preprocessing,

processing and analysis and is detailed step by step.

3.1 | Acquisition

A vertical take-off and landing (VTOL) hexacopter (Escadrone - Six3)
was used for embarking on the acquisition system. For the three
flights, we used a Sony Alpha 7 hybrid Camera featuring Mirrorless
full-frame 24 megapixels CMOS sensors (6000 x 4000 pixels) with
Interchangeable Lens (35 mm F2.8 Carl Zeiss fixed lens), with a low-
pass filter and on-chip phase detection. This UAV has a maximum pay-
load of 3 kg and a flight time of 14 min. Three successive UAV acqui-
sitions were conducted on 24 May 2018, 18 July 2018 and 24 June
2019, whose characteristics are summarized in Table 1. The acquisi-
tions were made 2 years after the major reactivation of June 2016
and 1.5 years after January 2017 reactivation (Fiolleau et al., 2021).

3.2 | Preprocessing

To produce DEMs and orthomosaics, we applied the structure-from-
motion (SfM) and multi-view stereo (MVS) methods (Remondino
et al., 2014; Snavely et al., 2008; Westoby et al., 2012). We adopted
the Metashape workflow (Agisoft, 2019) which consists of five steps:

1. Using the Scale Invariant Feature Transform (SIFT) algorithm
(Lowe, 2004), corresponding key points are identified in the over-
lapping images (85% and 70% along the longitudinal and lateral
flight line, respectively) and extracted to create a three-

dimensional (3D) tie point cloud.

FIGURE 2 Sample image from UAV
acquisition on 24 May 2018 (location in Figure 1).
The four identified soils are highlighted in orange
for intact clay, blue for surface deposits, green for
filling clay and yellow for degraded clay. [Color
figure can be viewed at wileyonlinelibrary.com]
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(Photoscan)
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Orthomosaic

Preprocessing generation

(Photoscan)
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Coregistration of
DEMs and
orthomosaics

(Arosics)
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Segmentation Roughness of DEM
(Ecognition) (SAGA)

Processing | |

OBIA classification

Decision tree
(Ecognition)

FFT (Matlab)

Analysis Degradation rate Degradation pattern

FIGURE 3 Flowchart applied to analyse the clay degradation. The
software used in the preprocessing, and processing phases are in
italic. [Color figure can be viewed at wileyonlinelibrary.com]

2. During georeferencing process the model is linearly transformed
using seven similarity transformation parameters (three parameters
for translation, three for rotation and one for scaling). The sparse
cloud with image-space coordinates is transformed in an absolute
coordinate system (RGF93, EPSG 2154) through the introduction
of georeferenced ground-control points (GCPs) providing a better
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TABLE 1 Flight parameters and weather conditions for the three unmanned aerial vehicle (UAV) acquisitions

24 May 2018 18 July 2018 24 June 2019
Acquisition time (UTC + 1) Three flights from 14:38 h to 16:28 h  Three flights from 11:24 hto 13:38 h  Three flights from 10:57 h to
14:24 h
Weather conditions Sunny, cloudless sky Sunny cloudless sky Sunny, cloudless sky
Sun altitude (deg) 47-63 53-66 50-66
Sun azimuth (deg) 213-250 118-177 109-208
Flight elevation (m above ground) 102 66 85
Area covered (ha) 17.9 14.7 23.8
Ground resolution (mm/px) 16 11 14
Number of images 1056 1707 1485
TABLE 2 Processing characteristics for the three acquisitions
Acquisition date 24 May 2018 18 July 2018 24 June 2019
Number of GCP 24 22 46
Orthomosaic coregistration: X/Y shifts in mm Reference —39/7 (89%) —39/7 (82%)
(reliability)
DEM coregistration: X/Y shifts in mm (reliability) Reference 26/18 (75%) 11/213 (87%)
Average accuracy of orthomosaic, XY/Z Rmse (mm) 93/94 99/84 106/65
DEM resolution (mm/px and pts/mz) 65 and 241 43 and 554 55 and 340

Note: GCP, ground control point; DEM, digital elevation model; XYRmse, root-mean-square error.

accuracy (Turner et al., 2012). We implanted and surveyed land-
marks using two Trimble GNSS receivers with theoretical accuracy
measurements of 0.8-10 mm horizontally and 15-20 mm verti-
cally. Twenty-four landmarks were established in 2018 before the
flights in the form of painted crosses around the edge and within
the study area (Appendix 2). Our goal was to achieve a density of
1.7 GCPs per hectare (Martinez-Carricondo et al., 2018). Eighteen
landmarks were used as GCPs and six as control points (CPs) to
estimate the accuracy of the final model for May and July 2018
(Table 2). GNSS survey was densified before the 2019 flight with
46 GCPs and 7 CPs (counting eight common GCPs for the three
flights). Special attention was paid to parameters that can affect
the reproducibility such as the focal length of the camera (fix
35 mm) and the location of georeferencing targets (Table 2 and
Appendix 2). An iterative process of optimization allowed to refine
simultaneously the exterior and interior camera orientation param-
eters and triangulated tie point coordinates (Clapuyt et al., 2016).

3. Using a dense stereo matching algorithm, we re-constructed a
dense cloud based on calculated depth maps.

4. DEMs were constructed by rasterizing the dense point clouds.

5. The orthomosaic was generated by merging the original red, green
and blue (RGB) images projected on the DEM and transformed in
the selected projection (RGF93, EPSG 2154).

6. Finally, the coregistration of the series of orthomosaic and DEMs
was performed using Arosics software (Scheffler et al., 2017) with
the first acquisition (May 2018) as reference. This processing
ensured the spatial alignment between each orthomosaic and each
DEM of the series. Results and reliability of the coregistration are
summarized in Table 2 with the final accuracies and resolution of

the orthomosaics and DEMs, respectively.

In order to assess the quality of the images, each orthomosaic was
converted to a greyscale image. Next, the grey-level co-occurrence
matrix (GLCM;) was computed for eight grey levels (Haralick
et al, 1973), determining how often a pixel with grey-level value
i occurs either horizontally, vertically, or diagonally to adjacent pixels
with value j. For each acquisition the mean contrast of the normalized

GLCM matrix was computed following:

8 8 . .
CMean :Zizlzjzl"_”ZGLCMU 1)

with GLCM; the grey-level co-occurrence at the position i, j.

The values of Chean Of 1.08, 0.42 and 0.84 were found for the
24 May 2018, 18 July 2018 and 24 June 2019 acquisitions,
respectively.

3.3 | Processing

3.3.1 | Object-based image analysis (OBIA)
Image classification was performed using four layers including the
RGB bands and the roughness. The objective was to classify each
image into eight ground classes comprising the four previously
observed types of soil (intact clay, degraded clay, filling clay and sur-
face deposits) and four other categories corresponding to water, low
vegetation (grass), high vegetation (forest) and shade.

An OBIA was

(Definiens, 2009) with two main steps: the segmentation to merge the

conducted using eCognition software

pixels into objects and the classification of these objects.
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Segmentation

A multi-resolution segmentation (MRS) algorithm was applied to
merge the pixels into objects (Baatz & Schape, 2000). The rationale
behind this MRS approach is to minimize the average heterogene-
ity of image objects weighted by their size during the merging pro-
cess. The algorithm has several steps of fusion going from pixels
to small objects, then to larger objects considering three different
parameters. The selection of these parameters (details in Appen-
dix 1) should lead to meaningful objects (in this case: blocks of
clay, vegetation areas, water ponds, etc.). The reliability of each
segmentation was estimated by evaluating their accuracy manually,
using QGIS (QGIS, 2020), on the same three distinctive small clay
blocks for each acquisition. The accuracy of each segmentation
was assessed by measuring precisely the size of three intact clay
blocks of metric size and comparing the results with those of the
segmentation. Accuracies of 98.9%, 80.0% and 92.0% were found
for the 24 May 2018, 18 July 2018 and 24 June 2019 acquisi-

tions, respectively.

3.3.3 | Classification

The second step of OBIA is classification. Supervised classification of
each object was performed using a decision tree algorithm
(Definiens, 2009). The averages and standard deviations of the series
of pixels composing each object were computed for each layer (RGB
and roughness) and were further used for the classification. For each
image, samples of all eight classes were selected manually from field
observations. The training samples correspond to 70% of this selec-
tion while the remaining 30% were used as validation samples all-
owing the calculation of the confusion matrices. Accuracies of 93.2%,
93.7% and 94.4% were found for the 24 May 2018, 18 July 2018 and
24 June 2019 acquisitions, respectively.

Considering both steps of OBIA (segmentation and classification),
final accuracies of 92.0%, 75.0% and 86.8% were found for the
24 May 2018, 18 July 2018 and 24 June 2019 acquisitions, respec-
tively. A more precise description of the different steps of the OBIA
performed and, more particularly, of the parameterization of the deci-

sion tree is presented in Appendix 1.

3.34 | Roughness

Terrain roughness index (TRI)

The terrain roughness index (TRI) was computed on squares of
n x n pixels? using SAGA software (Riley et al., 1999), according
to:

TRI= \/Z?:1Z;:1 (xj —X00)2 )

where xgo and x; are the elevations (in metres) of the central and
neighbouring pixels, respectively. The number of pixels n was set to
15, 23 and 19, respectively, for the acquisitions of 24 May 2018,
18 July 2018 and 24 June 2019, in order to obtain a square surface of

approximately 1 m2.

Fast Fourier transform (FFT)

The spatial two-dimensional (2D) Fourier transforms of the TRI were
calculated after applying an apodization using a Hamming window.
This step aims to reduce the image edge effect on the fast Fourier
transform (FFT) by windowing the signal (with a Hamming window in

our case).

3.4 | Degradation analysis

The classification of images taken on three successive dates makes it
possible to quantify the evolution of the surface of each material and
thus the clay degradation rate (DR). According to White (2003), the

erosion rate (ER) (in mol/m?/s) can be defined as:

dm
ER=— (3)

with dM(in moles) is the loss of mass, S (in m?) the total area involved
and t (in seconds) the time considered. Here, the mass of the intact
blocks cannot be calculated because of potential displacements
between acquisitions. Therefore, we replace the mass loss (dM) with
the loss of the surface of intact clay (dS, in m?) and define the clay DR
by:

ds
DR=7/ (4)

with S the initial surface of intact clay (in m?).

The uncertainty on DR (in s~!) was calculated using Equation (4),
considering the combined effect of the segmentation and the classifi-
cation steps. The degradation process has also been studied through
the analysis of surface roughness calculated from DEMs (Goetz

et al., 2014; LaHusen et al., 2016).

4 | RESULTS

The degradation of the clay material was analysed at three different
spatial scales: over the whole study area (about 15 ha), over two inter-

mediate sized areas (75 x 75 m?) and metric-sized blocks.

4.1 | Analysis of the study area
The orthophotos on the three dates are shown in Figure 4. They were
acquired under close sunny and cloudless sky conditions (Table 1).
They show variations in contrast Cpean (Table 1), with a value twice
lower for the 24 July 2018 acquisition due to sun azimuth (< 177°,
Table 1). The corresponding three classified images (Figure 4, right
column) show a similar spatial pattern for the eight ground classes. An
error of classification appears in the lower part of the July 2018 image
(red ellipse in Figure 4b) where a significant area of degraded clay was
misinterpreted as filling clay. Similar minor misclassifications were
identified in small areas of the images.

Quantifying the areas covered by the eight classes (Figure 5a)
gives the following decreasing order: degraded clay (25-32%), high
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FIGURE 4 Orthophotos (left) and classifications (right) of acquisitions of (a) 24 May 2018, (b) 18 July 2018 and (c) 24 June 2019. The grey
and black squares correspond to the upper and lower intermediate-size close-ups investigated, respectively. The red ellipse shows an area of
filling clay misinterpreted by the 18 July 2018 classification. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 5 Areacovered by each [a)

class (in percentage) in the study area.
(a) Area covered by each of the eight
initial classes. (b) Area covered by the
three classes of degraded clay, intact
clay and water after merging of the
degraded clay class (see text) and
without considering the vegetation
and shadow classes. [Color figure can
be viewed at wileyonlinelibrary.com]
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vegetation (23-27.7%), low vegetation and surface deposits (both
12-17%), intact clay (4.8-9.2%), and finally, filling clay, water, and
shade (0.3-6.7% in total). At the time of acquisition, the percentage of
degraded clay is much higher than that of intact clay. While some clas-
ses (intact clay, water) appear to have a regular evolution, others
(shade, degraded clay, etc.) show sharp variations from one date to
another. In particular, the shadow area is four times larger in May
2018 image than in the other two. The main differences are in the
high vegetation areas, which induced more shadows considering the
lower sun altitude during the May 2018 acquisition (Table 1).

However, these variations between these two classes (high vegetation
and shadow) do not affect the overall interpretation of the others.

As expected, the percentage of intact clay steadily decreases over
time (from 9.2 + 0.7 to 5.7 + 1.1%). However, this decrease is not
offset, as would have been assumed, by an increase in the percentage
of degraded clay. Indeed, we observed a decay of degraded clay from
32 4 2.6 to 25 + 5.1% between May and July 2018 (Figure 5a). This
discrepancy is mainly due to the classification error mentioned earlier
(red ellipse in Figure 4), leading to an erroneous increase (decrease) in

the percentage of filling clay (degraded clay) between May and July
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2018 (Figure 5a). An additional reason for this discrepancy is a possi-
ble confusion between degraded clay and surface deposits. Indeed,
the surface deposits, which generally lie on the degraded clay, may be
very thin and then difficult to distinguish from degraded clays.
Because of these misclassifications, we decided to merge these three
classes (filling clay, surface deposits, and degraded clay) into a single
class, namely degraded clay. The area evolution of the three classes of
degraded clay, intact clay and water is shown in Figure 5(b), where the
other classes of vegetation and shadow were removed. The decrease
in the percentage of intact clay area is now accompanied by a
corresponding increase in that of degraded clay, while the main
change in water-covered area is a decrease between May and July
2018, likely resulting from summer evaporation (see Discussion
section).

4.2 | Detailed analysis of intermediate sized areas

421 | Degradation rate (DR) analysis

Two square areas (75 m x 75 m) located in the upper and lower parts
of the study area (see location in Figure 4) were selected in order to
investigate the clay degradation evolution in more detail. The
corresponding photographs and classification images are shown in
Figure 6(a,b) for the three acquisition dates and the four classes (intact
clay, degraded clay, water and others) in the upper and lower areas.
As well as for the whole study area, an increase in degraded clay with
time is observed in both areas over the complete period (Figure 7a,b),
associated with a decrease in intact clay in the upper (5.3 & 1.8%) and
lower (11.2 4 1.3%) areas, respectively. The water percentage

June 24,2019

EEESSS

Upper area

Lower area

m FIGURE 6 Classification for the two
intermediate-size areas. (a) Photographs

and corresponding classifications for the
upper area. The block failure observed

I Degraded clay between July 2018 and June 2019 is

highlighted with a red ellipse, before and

[ Intact clay
I Water after the failure. (b) Photograph and
Il Other corresponding classification for the

lower area. [Color figure can be viewed at
wileyonlinelibrary.com]

@] Upper area (b)

Lower area

I May 24,2018
[ July 18,2018
June 24,2019 |1
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I May 24,2018
[ July 18,2018
1 June 24,2019 |1
0 _100m

-

Degraded clay
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FIGURE 7 Percentage of area covered by degraded clay, intact clay and water for the (a) upper and (b) lower areas (red square). [Color figure

can be viewed at wileyonlinelibrary.com]

85US017 SUOLLUOD SAIER1D ! dde au) A pausonob a8 sajolLe YO ‘38N JO SN 104 Akeig1 UIIUO /8] 1/ UO (SUOIPUOD-PUR-SWBH WO A3 | 1M Afelq 1 BU1{UO//SANL) SUORIPUOD PUe SLR L 3U} 385 *[€202/TT/0E] U0 Aeiqi aulluo Ao|im ‘sed]v 81qousio d1sieAIUN Ag 89S dse/200T OT/10p/wod B 1M Ake.q Ut uo//Sd)Y Wwouy papeoiumod ‘ST ‘2202 ‘LE86960T


http://wileyonlinelibrary.com
http://wileyonlinelibrary.com

FIOLLEAU T AL.

variations are limited and may affect slightly the values in degraded
clay, particularly in the upper area. The location of a block of a few
cubic metres that broke between July 2018 and June 2019 is shown
in Figure 6(a, red ellipse), with the debris area after the block failure
depicted in the June 2019 photograph (Figure 6a, red ellipse).

The rate of clay degradation DR was calculated for the upper,
lower and whole study areas (Table 3), using Equation (4). Over the
entire period, DR appears twice as high in the lower area than in the

1 respectively, with

upper area, with values of 0.69 yr~! and 0.35 yr™
uncertainty ranging from 17% to 42%. Considering the intermediate
18 July 2018 acquisition makes it possible to compute two DR values
over the study period. In all areas, clay degradation is 10 times faster
between May and July 2018 than between July 2018 and June 2019.
These two intermediate DR values (Table 3) are however affected by
a very high uncertainty (close to or above 100%), which is probably
related to the poor contrast of the July 2018 acquisition and raises
suspicion about the DR values computed. Therefore, we will only con-

sider the DR values over the whole period in the following.

422 | Analysis of morphological features

Roughness was analysed in terms of amplitude and spectral
characteristics to further investigate the clay degradation processes.

EH-WILEY >

Figure 8(a) shows the optical images of the upper and lower areas for
each acquisition, while Figure 8(b,c) display the roughness images and
their spectral analysis, respectively. The mean roughness was com-
puted for each image (values in Table 4). The roughness (Figure. 8b;
Table 4) is 18% to 25% higher in the upper area for all acquisitions,
indicating a blockier material than in the lower area. This decrease in
roughness towards the lower area corresponds to the degradation of
blocks into mounds.

The mean roughness decreases drastically in the two areas
(by about 4.5 times, Table 4) between May and July 2018 in both
zones, before increasing slightly (by about 1.5 times) between July
2018 and June 2019.

The spectral analysis (Figure 8c) shows that the upper area is dis-
tinguished from the lower area by a higher roughness at high
wavenumbers (short wavelengths), suggesting the presence of numer-

ous small blocks. Preferential orientations appear in the 2D Fourier

TABLE 4 Mean roughness values over all wavenumbers

Mean roughness (mm)

Acquisition date 24 May 2018 18 July 2018 24 June 2019
Upper area 124 26 43
Lower area 98 22 35

TABLE 3 Degradation rates (DRs) calculated from Equation (4) over the upper, lower and whole study areas, between May and July 2018,

between July 2018 and June 2019, and over the entire period

DR =+ uncertainty (yr—?)

Studied area May-July 2018 (55 days)

July 2018-June 2019 (341 days)

May 2018-June 2019 (396 days)

Upper area 1.88 + 1.59 0.14 + 0.37 0.35 +£0.15
Lower area 436 +1.19 0.30 £+ 0.39 0.69 + 0.12
Study area 231+ 1.66 0.20 £ 0.42 0.430.16
May 24,2018 July 18,2018 June 24,2019
g Upper area Lower area Upper area Lower area Upper area Lower area

o] ‘]&
u1

(=]

Wavenumber m
wv

Wavenumber

FIGURE 8 Roughness of the upper and lower areas (grey and black squares in Figure 3, respectively) for the three acquisitions.
(a) Orthophotos. The red square delimits the zone analysed in Figure 10. (b) Roughness (m) subtracted from its average. (c) Two-dimensional
Fourier transform of the roughness (wavenumber domain) [Color figure can be viewed at wileyonlinelibrary.com]
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transform (Figure 8c), especially in the upper region for the last two

acquisitions, with the main direction N330°-340°. This orientation,
which is perpendicular to the actual one, corresponds to scarps ori-
ented N60° to N70°, which are visible in the roughness images
(Figure 8b). The roughness Fourier transform also highlights other sec-
ondary orientations (N30° and N70°), corresponding to structures
parallel to the slope and lateral scarps and oriented N120° to N160°.

To better characterize the roughness spectral changes, their aver-
age 2D Fourier transform and associated standard deviation were cal-
culated by averaging 10 equally azimuthally distributed profiles (each
18°) for each acquisition in the upper and lower areas (Figure 9a,b).
Considering the temporal evolution, a strong decrease in the rough-
ness (Figure 9, by a factor of three, Table 4) is visible over the entire
period. This observation is consistent with the high DR observed pre-
viously. First, a general decrease is observed between May and July
2018 for all wavenumbers (by a factor of 4.5 on average, Table 4),
with a stronger decay for wavenumbers smaller than 1 m~*. Second,
the roughness still decreases between July 2018 and June 2019 for
the large wavenumbers, but increases for wavenumbers lower than
2.8 and 1.5 m™? (corresponding wavelengths larger than 0.36 m and
0.66 m) in the upper and lower areas, respectively.

Figure 9 shows a slightly different wavelength distribution
between the two areas. In the upper area, the significant presence of
blocks greater than 2 m (wavenumber: 0.5 m~1) creates a bulge in the
distribution (Figure 9a, black dashed lines), followed by a more linear
decrease toward shorter wavelengths. In the lower area, the bulge in
the distribution is slightly less pronounced (smoother distribution) and
wider. This highlights the presence of smaller blocks (wavenumber:
1 m™% black dashed lines in Figure 9b) and in a smaller amount than in
the upper area, before reaching a more linear decrease.

4.3 | Analysis at the scale of the blocks

To better understand the previous results and the degradation mecha-
nisms, we studied the evolution of two close blocks P1 and P2 located
in the upper zone (Figure 10a). The two blocks are of several metres in
size with a volume of 2.6 m® and 4.9 m?, respectively. The degradation
process of the blocks took place in two stages. First, a strong decay in
roughness occurred between May and July 2018 (Figure 10c,f). This
decrease results from the smoothing of the shape of the two blocks

(Figure 10b,e). Then, between July 2018 and June 2019, the northern
edge of the blocks broke off (Figure 10c,f), giving way to smaller
blocks (1.3 m® and 3.3 m® for P1 and P2, respectively) and increasing
the roughness between the two dates. In the spectral domain
(Figure 10d,g), the same evolution is observed with first a Fourier
amplitude reduction of at least two, reaching six for some wave-
lengths, between May and July 2018. Then the Fourier amplitude
increased by a factor of about two between July 2018 and June 2019
for wavenumbers smaller than 4 m~* (wavelength > 0.25 m). This pat-
tern is similar to that observed for the square of 75 m side length in

the upper area (Figure 9).

5 | DISCUSSION

The images and the roughness extracted from three UAV acquisitions
were used to classify the materials at the surface of the study area
located in the upper part of the Harmaliére landslide. The identifica-
tion of intact and degraded clay areas made it possible to quantify the
DR (Table 3) over the whole study area and in two smaller areas
(75m x 75m) and to monitor the evolution of this quantity
over time.

Over the entire period (24 May 2018-24 June 2019), DR is twice
higher in the lower area (0.75 yr—2, Table 3) than in the upper area
(0.38 yr 1, Table 3). This indicates that the degrading process is more
active in the already weathered blocks. The mean value of DR over
the study area (0.43 yr~%) suggests that the degradation process
(if steady) would take a few years to completely transform the blocks
into mounds of degraded clay. This conclusion must, however, be
tempered by the short monitoring time (just over 1 year), the small
number of acquisitions and the relatively high uncertainty due to the
acquisition conditions. Further acquisitions are required to draw firm
conclusions.

The roughness analysis also highlights a difference between the
upper and lower areas, with a higher roughness (about 1.25 times
higher) in the upper area. Further down the slope, the blocks are
smoother and evolve into mounds. An interesting point is the tempo-
ral evolution of the roughness parameters over the study period, with
a significant decrease in roughness between 24 May 2018 and 18 July
2018 (by a factor of 4.5) and a slight increase between 18 July 2018
and 24 June 2019 (by a factor of about 1.6). As shown by the study at

(@) Upper area (0) Lower area
| - ﬂ\/‘?y 12;:2281‘: ) 1 —— May 24,2018
Uy IS — July 18,2018
10 Il ——June24,2019] | 45 | I I — June 24,2019
n . I |
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Wave number (m-1) Wave number (m-1)

FIGURE 9 Roughness study. Average 2D Fourier transform (FFT2) profiles (10 profiles) for each acquisition date and its standard deviation
(shaded zone). (a) Upper area. (b) Lower area. The dashed lines highlight the bulges (bounded by the first significant gradient variation in

24 May 2018). [Color figure can be viewed at wileyonlinelibrary.com]
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FIGURE 10 Close-up on two plurimetric blocks in the upper area (location in Figure 8). (a) Orthophotos of the blocks for the three dates.
(b) Topographic profile P1. (c) Roughness profile P1. (d) Fourier transform of the roughness of P1. (e) Topographic profile P2. (f) Roughness profile
P2. (g) Fourier transform of the roughness of P2. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 11 Daily averaged temperature 30

(top) and daily cumulative rainfall (bottom) during ?g% ig I
the monitoring period. Black lines indicate the g 2 154
three acquisition dates. Data are provided by a ; aé 12 1
meteorological station (French National 23 of

Meteorological Service), located in Monestier-de-

1 1 1 1 1>

Clermont, 3 km west of the site and at a similar 1200

altitude. [Color figure can be viewed at
wileyonlinelibrary.com]
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the metre scale, this surprising roughness rise between the last two
dates can be explained by the breakage of blocks. The strong decrease
in roughness between the first two acquisitions supports the DR
results, with a more pronounced degradation during this period.
Looking at the meteorological data at a station located 3 km west
of the site (Figure 11), this first period (between 24 May and 18 July
2018) was relatively hot (temperature between 15°C and 25°C), with
rainfalls in early June reaching a total amount of about 150 mm. The
conjunction of hot temperatures with significant precipitation has pre-
sumably generated swelling and shrinkage cycles, leading to fast deg-

radation of the clay blocks and a decrease in roughness, as shown by

July 18|
2018

date (mm/yy)

June 24|
2019

Meisina (2004). The period between the two last acquisitions (July
2018-June 2019) was relatively rainy (precipitation totalling up to
1000 mm, with a two months period from December 2018 to January
2019 during which temperature oscillated between positive and nega-
tive values). The block breakages are interpreted as the combined
effect of freeze-thaw cycles in winter and shrink-swell cycles, with
the effect of the former predominating in a generally colder period
(Pardini et al., 1996). Analyses of the two small blocks (Figure 10)
highlight the same degradation processes which, depending on the cli-
matic conditions, alternate between smoothing and then breaking into

smaller pieces.
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6 | CONCLUSIONS

Optical images acquired from an UAV were used to analyse the deg-
radation process affecting clayey materials in the Harmaliére land-
slide, French Western Alps. This landslide presents a sliding
mechanism in its upper part. Clayey blocks, metric to several metres
in size, are progressively degraded while being transported down-
slope, leading to a flow-like behaviour in the lower part of the land-
slide. In a landslide context, two factors contribute to the
degradation of the clay at the surface: landslide-induced deformation
and weathering. These processes are closely related since landslide-
induced deformation tends, for example, to devegetate and to gener-
ate new fractures in the mobilized areas which favours surface
weathering, and surface weathering decreases material competence,
facilitating the solid-fluid transition and thus displacement. In this
study, we focused on the weathering process since no displacement
was observed during the monitoring period. The degradation process
in the upper part of the landslide was analysed using two
approaches. First, OBIA was applied to classify three orthomosaics
acquired over a period of around 1 year into eight ground classes
comprising four types of soil (intact clay, degraded clay, filling clay
and surface deposits). The evolution of the soil areas with time
allowed us to compute the DR of the intact clay. Second, the degra-
dation pattern was studied from the evolution of the TRI and its
spectral characteristics. Although limited to a relatively short period
(14 months, three acquisitions), this methodological study combining
two approaches highlighted an average rate of degradation of about
0.4 yr~! accompanied by a strong decrease in roughness (about three
times). The DR is twice higher for the lower area, indicating that deg-
radation processes are more active in the already weathered blocks.
The observed degradation probably mainly results from weathering,
as no global movement was detected in the images.

The small number of acquisitions and the low contrast of the July
2018 acquisition highlighted the importance of the acquisition condi-
tions (frequency, acquisition hour, cloud cover, camera settings, etc.)
and measurements repeatability to obtain comparable images and
finally more robust results. However, even within the limitations of
this preliminary study, the methods used showed promising results,
highlighting the usefulness of UAV acquisitions to monitor degrada-
tion patterns in the context of slope instability. In future studies, the
application of this methodology on longer time-series with shorter
revisit times is required to produce more robust interpretations, espe-
cially to obtain more precise estimates of the DRs in different zones.
In addition, image correlation could provide high-resolution
(centimetre-scale) displacement fields and would allow linking dis-
placement and degradation, leading to a better understanding of the
degradation processes that ultimately drive the evolution of the land-

slide mechanism.
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APPENDIX 1

OBIA classifications of 24 May 2018; 18 July 2018 and 24 June 2019 acquisitions (RGB images with selected samples [ground truth],
Classification, Accuracy between 0 and 100%)

May 24,2018 July 18,2018 June 24,2019

Example of GCP mark
(orange cross)
and its final position
(black point)
on May 2018 acquisition

RGB images
and samples

o 25 50 5 10m
- Il Degraded clay
[ Intact clay
Filling Clay

[] Surface deposits
B Water

I High vegetation
[ Low vegetation
Ml shadow

Classification

0 25 50 75 100m 0 25 50 75 100m

0 25 50 75 100m

Accuracy

APPENDIX 2

OBIA parametrization
The OBIA classification method is composed of two steps: The segmentation and the classification.

The objective of the segmentation is to define each intact clay block with a minimum number of segments. To do this, a trial-and-error explo-
ration was carried out. Using the multi-resolution segmentation of the eCognition software, three parameters must be configured. The scale
parameter (SP) defines the degree of heterogeneity allowed (the higher the SP, the higher the heterogeneity of the object). The shape parameter
defines the influence ratio between the shape and the colour. The higher the value the lower the influence of the colour (between zero and one).
The compactness parameter corresponds to the product of the width and the length over pixels numbers limit. The higher the value, the more
compact the object (between zero and one).

The shape parameter is configured to give more weight to the shape than to the colour of the object since the colours are close between the
different classes. The compactness is set to an average value in order to give the algorithm freedom of exploration. In the end, the parameter hav-
ing the most impact is the SP. This one has been set to 50, allowing sufficient heterogeneity within the object to obtain a satisfactory result
(e.g. Figure A1l).

FIGURE A1 Zoom on segmentation of 24 May 2018 orthophoto: [Color figure can be viewed at wileyonlinelibrary.com]
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TABLE A1 Decision tree parameters

Features Mean (layers 1, 2, 3 and 4), standard deviation (layers 1, 2, 3 and 4)
Type Decision tree

Maximum categories 16

Cross-validation folds 3

Truncate pruned tree Yes

The decision tree classifier of the eCognition software was then chosen to perform the supervised classification step.

The principle is to classify a set of data by subjecting it to a series of decisions based on the feature’s values. Here, the mean and standard
deviation of each layer (RGB and roughness) were chosen. The training dataset is partitioned according to a feature value, and recursively par-
titioning each subset until the dataset is all members of the same class or until recursion adds no value to the classification. A trial-and-error
approach was used to adjust the different parameters to converge towards the best classification (Table A1).

The maximum categories number, specifying the maximum number of categories into which data can be grouped at a given level, has been
set to 16. A reasonable number to reduce processing time while preserving accuracy. The cross-validation folds were set to three, allowing the

model to be compared to the training data to assess accuracy. The truncate prune tree parameter enabled to remove unnecessary branches.
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