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Abstract: During disaster response, clouds or darkness can prevent the use of optical images for
detecting consequences of natural disasters, including landslides. In these situations, radar images can
be used to detect changes more rapidly. However, Synthetic Aperture Radar (SAR) backscatter
intensity images are underutilized for landslide detection. Unfortunately, there remains a lack of
understanding about how to interpret landslide signatures in SAR imagery. In this study, we
investigate how the morphometric features and material properties of landslides, and preexisting land
cover, control their expression in SAR backscatter intensity change images. Trends in the spatial and
temporal signatures of over 1000 landslides in 30 diverse case studies are investigated, using multi-
temporal composites and dense time-series of Sentinel-1 C-band SAR backscatter intensity data. The
results show that the orientation of landslide surfaces relative to the sensor, pre-existing land cover,
and the roughness of the landslide surface, determine whether landslides will produce an increase or
decrease in backscatter intensity values. In certain cases, we can identify morphometric features of
landslides (e.g. scarps, transit zone, deposits, ponding) and material properties. Generally, we see that
landslides appear most clearly with a strong increase in intensity when they occur in herbaceous
vegetation or non-vegetated ground surfaces, due to an increase in surface roughness. While in forested
or densely vegetated areas, landslides produce a more complex signature with both decreases due to
radar shadow and vegetation removal, and an adjacent edge of increased intensity due to double
bounce and direct return from vertical tree trunks and convex edges. In most cases, rough deposits
produce an increase in intensity, while smooth deposits (e.g. from mudslides) exhibit specular
reflection, and thus show decreased values. Landslides are less visible in cases with pre-event very
rough ground, or mixed vegetation conditions. The conceptual model developed can aid interpretation
of landslides in SAR imagery, and provide domain knowledge needed to train models for automatic

landslide detection.
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1. Introduction

Landslides pose an increasing risk to the human population due to urban expansion into unstable areas,
and an increasing frequency of extreme precipitation events (Froude and Petley, 2018; Gariano and
Guzzetti, 2016; Hanssen-Bauer et al., 2009). Landslides frequently occur in conjunction with other types
of natural hazards including earthquakes, floods, volcanic eruptions and tsunamis, particularly in areas
with high hydrological or seismic risk (Casagli et al., 2017). Consequences may include loss of life,
damages to infrastructure and property, blocked transport routes and dammed rivers which create
further risk of flash flooding to downstream areas (Kjekstad and Highland, 2009).

Satellite-based emergency mapping can provide highly beneficial information to the humanitarian
response community on the location, size and density of landslides. If performed within hours to days
after an event, this information can improve situational awareness for responders, particularly if
conducted as part of a coordinated mapping effort (Kedia et al.,, 2022; Williams et al., 2018). The
increasing availability of medium to high resolution satellite images, combined with cloud-based high
performance computing capabilities and automatic image detection methods have facilitated recent
development of automated landslide detection models (Ghorbanzadeh et al., 2019; Prakash et al., 2021).
Preliminary studies have yielded promising results at a local scale particularly with deep-learning
methods. However, further development is needed to achieve automatic landslide detection models
that perform well in diverse environments (Ganered et al., 2023). Eventually, operational real-time
monitoring and alert systems, such as presently exist for detection of illegal deforestation (Reiche et al.,
2021), could be developed for landslides.

The majority of the existing landslide detection models rely on optical images and vegetation indices
(Guzzetti et al., 2012). However, such analyses require cloud-free images and sufficient light conditions.
In tropical and high latitude regions of the earth, persistent cloud cover, or seasonal darkness, can lead
to delays of months before changes to the ground surface are observable in optical satellite images
(Lacroix et al., 2018; Sudmanns et al., 2020). This is especially problematic for rapid detection of rainfall-
triggered landslides, which typically occur under cloudy conditions (Williams et al., 2018).

Synthetic Aperture Radar (SAR) is cloud penetrating, therefore ground surface reflectance properties
can be measured irrespective of cloud cover or illumination from the sun (ASF, 2022). However,
compared to optical imagery, SAR data are more difficult to process and interpretation is less intuitive.
This is due to a complex backscatter signal, speckle noise, phase wrapping and geometric distortions
(Meyer, 2019). This presents an obstacle for geoscientists and other operators in using SAR backscatter
images for rapid landslide detection (Handwerger et al., 2022; Mondini et al., 2019). Although there is
a well-established community using In-SAR for monitoring slow-moving deep-seated landslides
(Cigna et al., 2014; Mondini et al., 2021; van Natijne et al., 2022), the same methods are not frequently
applied for detecting rapid landslides due to a lack of coherence in the phase component of the

returning radar signal in vegetated areas (Mondini et al., 2019).

(Guzzetti et al., 2012) asserted that the real part (amplitude, or backscatter intensity) of the SAR signal
should be exploited in order to detect ground changes caused by landslides. A review of 54 journal
articles about landslide failure detection using SAR imagery, published between 1995 and 2020
(Mondini et al., 2021), found that literature on the exploitation of SAR for landslide event detection

remains limited. They conclude that in principle, the available SAR amplitude images are well suited
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for landslide detection and mapping as the wavelength of the microwave SAR sensors is comparable
to the length scales of morphometric elements typical of landslides. However, there remains a lack of

understanding of the physical basis of backscatter response.

Recently, an increasing number of studies have begun to investigate the potential for using SAR-
backscatter intensity change images for landslide detection and mapping using Sentinel-1 C-band SAR
backscatter images. (Mondini et al., 2019) investigated the potential for detecting landslides in Sentinel-
1 backscatter change images for 32 case studies. (Santangelo et al., 2022) explored how accurately two
large single landslide events could be mapped using such images. Others, have used multi-temporal
composites to improve landslide visibility in change images (Lindsay et al., 2022) and create heat maps
of landslide density (Handwerger et al.,, 2022). (Burrows et al., 2022) used Sentinel-1 time-series to
backdate monsoon-triggered landslides and explored the performance of different bands. There have
also been a few attempts to automate this process using locally-trained deep-learning models (Ganered
et al., 2023; Nava et al., 2022).

While most of these studies test multiple band combinations (VV and VH) and orbit geometries
(ascending or descending), interpretation of the spatial and temporal expression of landslides is still
somewhat limited in detail. The majority of these studies focus on whether it is possible to detect, map
and back-date landslides using SAR imagery. They do not systematically quantify the change in
backscatter intensity, or relate it to the landslide type, morphometric elements, or environmental
conditions. Most investigate landslides in densely forested areas, while areas with herbaceous or little
to no vegetation, especially polar regions, are poorly represented (Mondini et al., 2021). Landslides are
observed to produce both increases and decreases in backscatter intensity; however, a physically based

explanation for these observations in relation to the ground properties is lacking.

In this study, we investigate the spatial and temporal signatures of different types of rapid landslides
in diverse physiographical environments in 30 locations, using C-band SAR backscatter change images
and time-series data. In doing so, we aim to improve understanding of how the physical changes to the
ground surface relate to the change in backscatter intensity and scattering mechanisms, that determine
the expression (pattern of increase or decrease) of landslides in SAR imagery. We consider the reflective
properties of the pre-event ground surface, and the post-event landslide surface. In addition to
identifying individual landslides, in some cases we are also able to distinguish separate morphometric
features of landslides (i.e. scarps, sliding surfaces, deposits, and ponds) based on their specific
expressions in the SAR change images. Based on these trends and new empirical data, we present a
conceptual model that can be used to aid interpretation. The findings contribute towards developing
standards for interpreting landslides in SAR backscatter change images. In addition, a diverse global

dataset that can be used for training automatic landslide detection models was created.
The research questions are as follows:

1. What patterns and trends in the spatial and temporal expression of landslides in SAR
backscatter intensity data can be identified from the 30 case studies?
2. Which factors control the visibility and expression of landslides in SAR data?

To answer these questions, we first consider how SAR theory can be related to landslide detection to

identify the possible controlling factors. Then we examine the spatial and temporal signatures of
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landslides, from 30 case studies with diverse landslide types and environmental conditions, and
perform statistical analyses of the controlling factors. Based on the identified trends, and results from
the statistical analyses, a physically-based conceptual model is presented to aid interpretation of

landslides in SAR change images.
2. SAR backscatter theory applied to landslides

Changes to the ground surface caused by landslide erosion and deposition may change the surface
roughness and dielectric properties of the ground surface and thus the intensity of backscatter. This
information can be used to detect and map landslides. Several factors that can affect the visibility and
expression of landslides in SAR backscatter intensity data are illustrated and described in this section.
These include radar properties (wavelength (A), polarisation and incidence angle), and surface
properties (terrain elevation and geometric distortions, local incidence angle (LIA), roughness (relative
to A), and land cover type,) (Fung et al., 1992). Seasonal variations in vegetation or snow cover, and
changes in moisture content, can also affect the backscatter intensity.

In Figure 1 (A), it is shown how the position of a landslide in the terrain relative to the sensor, determines
whether the landslide signal will be affected by geometric distortions (including layover, shadow and
foreshortening). It is seen that Landslide-I would be visible to the sensor, however distorted due to
layover. While Landslide-II, would not be visible to the sensor as it is in the shadow zone. The distortion
of Landslide-I can be corrected with a terrain correction, while the Landslide-II can be detected if

images from both ascending and descending orbits are available.

In Figure 1 (B) the effect of the orientation of the landslide surface, relative to the sensor line of sight
(LOS) is considered. Here, it is shown that the local incidence angle (LIA) affects the strength of the
received backscatter signal, with surfaces with lower LIA generally returning stronger intensity signals
than those with high LIA. The strength of the returned signal also depends on the ground surface
properties, as will be shown in Figure 2, with surface scatters being more sensitive to the LIA than
volumetric scatters. Figure 1 (C) illustrates how the wavelength of the sensor determines the height of
irregularities (h [cm]) that the signal will be sensitive to, as well as the degree of penetration of
vegetation and the elements of vegetation that the signal will interact with. Shorter wavelength signals
(i.e. X- and C-band) are more sensitive to smaller changes in surface roughness (< 5cm), and are mainly
reflected from the canopy. Longer wavelengths (i.e. L-band) are sensitive to larger scale changes in

roughness (>10 cm), and penetrate leaves, thus are reflected from woody structures and the ground.
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A. Geometric distortions due to terrain B. Local incidence angle (LIA)
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Figure 1 Factors affecting the expression of landslides in SAR data that remain static over time. These include the
position of the landslide within the terrain relative to (A) terrain features, and (B) the sensor line of sight (LOS),
and (C) the wavelength of the SAR signal (A). Modified from (A) (Tempfli et al., 2009), (B) (Lindsay et al., 2022),

(C) (Kellndorfer et al., 2019). The roughness is relative to the wavelength, / is the height of surface irregularities.

In Figure 2 (D), different ground-cover types and their associated scattering mechanisms are shown.
Here we see that the intensity of the received backscatter increases with increasing surface roughness,
with flat surfaces (e.g. still water, or snow) with oblique LIAs, reflecting the signal specularly in
accordance with Snell’s law (Ulaby et al., 2019). As surface roughness increases, diffusivity increases
and more of the signal is reflected in all directions, including back towards the sensor. Co-polarised
bands (e.g. VV) are more sensitive to variation in surface roughness. For volumetric scattering as occurs
in vegetation, in C-band, the canopy provides a strongly reflective surface, with most of the energy
received reflected volumetrically within the upper few cm of the canopy. Cross-polarised bands (e.g.
VH) are more sensitive to variation in vegetation (volume scattering). For areas with mixed types of
scatters, i.e. herbaceous vegetation, agriculture, or areas with both herbaceous and woody vegetation,
the strength of the received signal depends on (i) the degree to which the signal penetrates the
vegetation, and (ii) the roughness of the underlying soil surface. For thin herbaceous vegetation (e.g.
grass, peat, or low bio-mass crops) the underlying surface roughness determines the intensity of the
backscatter received, while for ground with predominantly volumetric scatters (e.g. dense leafy crops,
small bushes) the biomass of the vegetation will have a stronger effect on the intensity. Finally, double
bounce scatterers (near-vertically inclined surfaces, e.g. cliffs, or exposed tree trunks) produce the
highest received backscatter intensity, and as surfaces, these features are most strongly observed in co-

polarised bands.
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D. Scattering properties of different ground cover types
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Figure 2 Factors affecting the expression of landslides in SAR data that may vary over time. These include (D) the
type of ground cover and associated scattering mechanisms, (E) seasonal variations in ground cover, including

vegetation changes and snow cover, and (F) water content

It is the change between the different types of ground cover types that determines the change in the
observed intensity. For instance a change from a volumetric scatter (e.g. forest canopy) to a surface
scatterer (e.g. soil surface) will result in a decrease in intensity and the edges of the remaining forest
may also produce radar shadow (Bouvet et al., 2018). While for surfaces, an increase in roughness

caused by deposition or erosion of the weathered soil surface, will produce an increase in intensity.

In Figure 2 (E) we see for a given ground cover type, the intensity can vary significantly if there are
strong seasonal variations. For instance, intensity is highest when the leafy canopy reflects the SAR
signal volumetrically, and is lower in autumn and spring when leaves are small or dry. Smooth snow
reflects the signal away specularly, resulting in lower intensity. Finally in Figure 2 (F), we see that
increased water content (of soil, snow, or vegetation) produces higher intensity than dry ground covers,
due to increased conductivity, decreased penetration of the wave into the ground surface, and thereby
increased reflectivity. The magnitude of intensity change that a landslide produces, will increase or

decrease depending on seasonal variations of the preexisting ground cover.

By understanding how terrain, ground-cover, wavelength and polarisation produce backscatter signals
of varying intensities, we can apply these ideas to predict how landslides may be expressed in change
images and time-series data. Here we assume that landslides produce a change in ground surface cover,

across an area of a size that is detectable within the resolution of the sensor. The types of ground-cover
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observed within a landslide area can be related to the morphometric features of landslides, landslide

material, as well as failure mechanisms, and LIA.

As illustrated above, several factors can affect the expression of landslides in change images. The
roughness of the landslide surface can vary depending on the type of material (soil or rock), soil particle
coarseness (silt to gravel, and presence of rocks, boulders or other debris), and whether material was
completely or partially eroded from the surface, and the deposition mechanism. The strength of the
received backscatter for a smooth scarp or eroded surface (height of irregularities, 1 < 0.2 cm, for C-
band) is strongly affected by the LIA. Scarps facing away from the LOS, that dip more steeply than the
incidence angle, will be in a radar shadow zone and show very low intensity. The height of the scarp
can be estimated based on the width of the shadow zone and the sensor incidence angle (Arnold et al.,
2018). Smooth scarps with a high LIA (approximately parallel to LOS will either reflect the signal away
from the sensor, resulting in a low intensity, while rough surfaces (h >3 cm, for C-band) will scatter the
signal diffusely and are less sensitive to the LIA. Scarps with a low LIA (approximately normal to LOS)
will reflect more signal back towards the sensor. Landslide deposits are typically extremely rough
surfaces consisting of transported material including rock and soil, water, and eroded vegetation. An
exception are earth flows (mudflows), which consist of very fine particles and can form very smooth
deposits. Where the topographic change is less significant, the specific change in surface properties will
determine whether landslides are expressed by an increase or decrease in intensity. Landslides may
dam rivers or streams, resulting in upstream swamps, ponds, or lakes. These areas will show strongly

decreased intensity.
3 Case studies

A selection of 30 case studies from different locations, with varying terrain types, orientation and size,
ground cover, climate zones, geological materials and failure mechanisms were systematically analysed
in this study. The case studies were mostly identified from reports in ‘The Landslide Blog’
(https://blogs.agu.org/landslideblog/) (Dave Petley, 2022), or from news reports, or journal articles

found by internet search. The location and dates of the investigated landslide events are shown in

Figure 3, while the properties of the landslides and local environment are shown in Table 1.
The data used to describe the landslide properties was retrieved from the following sources:

e Location and date: literature (various sources, see appendix 1)
e Landslide type and trigger: from the reports describing the article, or classified from the
descriptions and images according to (Hungr et al., 2014).

¢ Landslide size and aspect: the outline of the largest landslide in the study area was measured.
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1. Iceland 2021-10-06 (-17.5558, 65.8674) 16. India 2021-07-25 (78.30762, 31.41447)
2. Ireland 2021-07-04 (-7.85187, 54.15745) 17. India 2021-07-30 (77.658109, 30.589764)
3. New Zealand 2022-03-27 (177.4694, -38.9681) 18. Norway 2019-04-28 (8.6385996, 59.84685)
4. Ecuador 2021-02-12 (-78.93655, -2.2895) 19. India 2020-08-06 (77.01188, 10.166)
5. Norway 2019-07-30 (6.11699, 61.51734) 20. Peru 2020-06-16 (-71.685998, -15.66025)
6. South Africa  2022-04-12 (30.69701, -29.89816) 21. Kyrgzstan ~ 2017-04-29 (73.290135, 40.587722)
7. Vanuatu 2020-04-06 (166.63854, -14.9281) 22. Italy 2019-11-23 (8.434000, 44.295000)
8. Brazil 2020-04-06 (-49.60777, -27.0774) 23. Indonesia 2022-02-25 (99.99442, 0.11412)
9. China 2021-04-05 (103.15055, 29.66474) 24. Brazil 2022-05-26 (-34.958299, -8.120723)
10. Phillipines ~ 2022-04-10 (124.85286, 10.67658) 25. Canada 2021-11-14 (-121.67202, 49.31537)
11. Japan 2018-09-06 (141.966, 42.7876) 26. USA 2021-11-24 (-121.38802, 39.86029)
12. USA 2019-12-02 (-135.41194, 59.22035) 27. Burundi 2019-12-05 (29.080122, -2.619565)
13. China 2020-07-21 (109.29972, 30.36592) 28. Australia 2022-02-28 (153.39578, -28.51734)
14. New Zealand 2022-02-03 (170.17485, -43.57436) 29. Indonesia 2018-09-28 (119.91418, -0.93951)
15. Iceland 2022-02-02 (-22.109811, 64.78794) 30. Turkey 2019-05-16 (37.378026, 40.670806)

Figure 3 Map of case study locations and event dates. Base map: Landslide Hazard Map (GFDRR, 2023)

For each set of coordinates in Figure 3, values from the following maps were extracted using Google

Earth Engine or ArcMap:

¢ Geology: Generalised Geology of the World, WMS V 1.3.0 (Chorlton, 2007),
¢ Climate zone: World Map of the K&ppen-Geiger climate classification (Kottek et al., 2006)

¢ Mean annual rainfall: WorldClim BIO Variables V1 (Hijmans et al., 2005)

e Land cover classification: CORINE (EEA/Copernicus, 2012) and Copernicus Global Land
Cover (Copernicus, 2019)
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Table 1: Properties of the investigated landslides and their local environment. The visibility of the landslides are
also presented according to their assigned set. Set 1: not visible, set 2: partially visibly, recognisable only knowing
a priori the location, and set 3: clearly visible.

Landslide Environment Set
Location Type T Size L x Aspect Geology K.G. Rainfall Land cover 1 No
W [km] Climate [mm/yr] Gl/EU 2 Part.
3 Yes
1. Iceland DS R 0.8x0.1 E A% Cfc 672 Herb./ Moor 3
2. Ireland PF R 0.58 x 0.7 NW S Cfb 1358 Herb. / Peat 3
3. N. Zealand DS R 0.13 x 0.05 w S Cfb 1508 Herbaceous 2
4. Ecuador EF R 15x15 W-NW S-V Cfb 918 FlUnknown 3
5. Norway DF, DA R 0.11x0.03 mixed M Dfc 2285 Herbaceous 3
6. Sth. Africa DF R 05x0.2 W M Cfa 940 Herbaceous 1
7. Vanuatu DS-DF R 0.8x0.2 S v Af 3440 FlBroadleaf 2
8. Brazil DF R 1.6 x 0.02 NE S Cfa 1547 FlBroadleaf 2
9. China DS-DF R 1.34x0.92 S S Cwb 1297 F|Broadleaf 3
10. Philippines MS R 2.1x0.7 SW S Af 2915 Fl|Broadleaf 3
11. Japan DS, DF ER  022x0.13 mixed S-v Dfb 1131 FlBroad. dec. 3
12. USA DA R 1.7x0.18 N P Dsb 1282 FlNeedle 3
13. China DS R 1.2x0.3 S S Cfa 1409 FlUnknown 3
14. N. Zealand RA R 1.8x0.28 SE S ET 4222 Snow 3
15. Iceland RA R 24x1.7 SE v Cfc 829 Herb. / Grass 3
16. India RF R 0.68 x 0.15 SW M Cwb 824 Herbaceous 1
17. India DS R 0.34x0.2 SE S Cwa 2183 FlUnknown 2
18. Norway SF S 1.35 x 0.95 E A% Dfc 974 Herb. / Rock 1
19. India DF R 1.2x0.12 S P Am 2848 FlNeedle 3
20. Peru EF U 06x1 NE S-V Dsb 506 Herbaceous 3
21. Kygysztan CCS-EF RS 5x0.6 NE S ET 394 Herbaceous 2
22. Italy DF R 0.35 x 0.07 SE S Dfc 886 Agriculture. 2
23. Indonesia DF E 6x0.3 NE \% Af 2775 FlBroadleaf 2
24. Brazil DS R 0.06 x 0.03 SE S Am 1678 Urban 1
25. Canada DF R 0.85x0.32 SE S-V Cfb 1712 FlNeedle 3
26. USA RF U 0.09 x 0.06 W P Csb 1560 Shrub 1
27. Burundi DS, DF R 0.4 xx0.3 mixed M Aw 1519 FlUnknown 2
28. Australia DS, DF R 0.8 x 0.04 S S Cfa 2031 Agriculture 2-3
29. Indonesia SLS E 2.1x1.1 W P Af 1534 Urban 2
30. Turkey RS U 0.5x0.3 SE S-V Cfb 626 Agriculture 3

Acronyms: Type (according to Hungr et al., 2014): RF. Rock fall, RS. Rock rotational slide, DS. Gravel/sand/debris
slide, CCS. Clay/silt compound slide, SLS. Sand/silt liquefaction spread, RA. Rock avalanche, DF. Debris flow, MF.
Mud flow, DA. Debris avalanche, EF. Earthflow, PF. Peat flow, SE. Slush flow. Trigger (T): R — rainfall, E-
earthquake, S — snowmelt, U - unknown. Geology: S - mainly sedimentary terrane, P - plutonic terrane, M —
metamorphic, S-V - mixed sedimentary-volcanic terrane, V - mainly volcanic terrane. K.G. Climate zone: A
(Tropical) + f (Rainforest), m (Monsoon) w (Savanna, Dry winter) s (Savanna, Dry summer); C (Temperate) + w
(Dry winter), f (No dry season), s (Dry summer) |la (Hot summer), b (Warm summer), ¢ (Cold summer); D
(Continental) + w (Dry winter), f (No dry season) s (Dry summer) | la (Hot summer) b (Warm summer) c (Cold
summer) d (Very cold winter); E (Polar) + T (Tundra), F (Eternal frost (ice cap)). Land Cover: Gl (Copernicus
Global Land Cover): F - Forest | dec. — deciduous, broadleaf. Land cover: EU (CORINE Land Cover): Grass -
Natural grassland, Moor - Moors and heathland, Rock - Bare rocks, Peat - Peat bogs.

As shown in Table 1, of the 30 events included in this report, the most common types were debris slides
and debris flows, with eight in each category. Half of the events had rapid flow type failure
mechanisms. The next most frequent failure mechanism was sliding, including 10 events. Nearly all the

landslides were rainfall triggered (25/30), with the remaining being earthquake triggered or unknown.
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In terms of size, 10 were less than 0.1 km?, and 12 were between 0.1 and 1 km?. The remaining eight
events were between 1-5 km3. 12 different climate classes were included, with seven case studies in
tropical climates (A), 15 in temperate climates (C), six in continental climates, and two in polar climates
(E). For geology, 13 cases were located in sedimentary bedrock, five in volcanic, and four cases each
had metamorphic, plutonic or mixed sedimentary-volcanic terrane bedrock. The mean annual rainfalls
varied from 394 mm/yr in Kyrgyzstan (#21), to 4222 mm/yr in New Zealand (#14). The land cover types
using the Copernicus Global Land Cover map included 15 cases in forest, 12 in herbaceous, cropland

or shrubs, two in urban areas, and one in snow/ice.
4 Methods

The input data, pre-processing, visualisation and interpretation methods are described in the following
section. The Sentinel-1 SAR change images and time-series were made for each case study using Google
Earth Engine, (GEE), (Gorelick et al., 2017). Date ranges for the pre- and post-event image collections,
and coordinates of the approximate event location were used as filter conditions, to produce pre- and
post-event image stacks of both Sentinel-1 GRD product (Ground Range Detected) and Sentinel-2
(Level 2A) images. Time-periods of one, two, or 12 months either side of the event date were used,
depending on the local image acquisition frequency, and seasonality. The date ranges and coordinate
locations used for each case study (along with the change images produced) are provided in the
electronic supplement. Pre- and post-event image composites were produced from the image stacks,

for a 4 km? area about the defined point.

The Sentinel-1 images, available on GEE are available pre-processed (calibrated and ortho-corrected)
in 10 m resolution. Image stacks were produced by filtering for ascending or descending obit pass, VV
or VH receiver polarisation, and Interferometric Wide (IW) instrument swath mode. A terrain
correction (Vollrath et al., 2020) was applied to each image in the stack using either a volumetric or a
surface model, depending on the land cover type. For most cases, the 30 m resolution Shuttle Radar
Topography Mission (SRTM) digital elevation model (DEM) available within GEE was used. However,

local DEMs were needed for the Icelandic case (link: https://gee-community-

catalog.org/projects/iceland dem/, accessed: 11 December 2022) and Norwegian cases

(https://hoydedata.no/LaserInnsyn2/, accessed: 11 December 2022). The Sentinel-1 composites were

created by taking the median of the terrain-corrected image collections, and change images (post-

minus pre-event image composite) produced from these.

For Sentinel-2, a Normalised Difference Vegetation Index (NDVI) band was added to each image in the
pre- and post-event stacks, then a greenest-pixel composite was created (maximum NDVI), using the
quality-mosaic tool. An NDVI change image (dANDVI) was then produced by subtracting the pre- from
the post-event composite. These are shown in Figure 4. The dNDVI images were used for verification

purposes and digitising outlines of the landslides.
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Figure 4 Data preparation for statistical analyses, showing case study 25. Ruby Creek landslide, British Columbia,
Canada (14 November 2021). Input images including: A) Sentinel-2 Pre-event least cloudy image. B) Sentinel-2
Post-event greenest-pixel composite. C) Pre-event land cover produced using machine learning classifier, with pre-
event Sentinel-1, -2 and DEM as input. D) Change in Normalised Difference Vegetation Index (ANDVI). E) Sentinel-
1 Change in backscatter intensity (ascending VH). F) Sentinel-1 Change in backscatter intensity (ascending VV).

From the Sentinel-1 change images, it was determined firstly, whether the investigated landslides were
visible. The case studies were assigned a set-number, following the approach by (Mondini et al., 2019):
Set 1: not visible, set 2: partially visibly, recognisable only knowing a priori the location, and set 3:
clearly visible. If visible (set 2 or 3), time-series plots were produced. This involved selecting a point
within the landslide, and point adjacent to the landslide with similar but undisturbed vegetation. From
these points, 30 m? square polygons were generated, and five years of terrain corrected S1 time-series
data, with median backscatter intensity [dB] for ascending-VV and —VH, and descending-VV and -VH,
were exported.

Next, in order to investigate the factors that influence the expression of landslides in the change images,
plots of LIA, land cover class and backscatter intensity values were made. This involved manually
mapping the landslide polygons for each case study, exporting the Shapefiles along with Geotiff raster
images for each case study, and finally extracting and plotting the pixel values from within the
polygons. The LIA was already calculated as part of the terrain correction algorithm, so the original set
of outputs (VV, VH and angle) was modified to also include the LIA. Where possible, landslides were
mapped according to morphometric feature class (scarp, transit or deposit zone). Additional ground-
based or drone images of the landslides (internet search, journal articles) showing the shape of the
landslide were used to identify these separate features, although there remained uncertainty in the
exact boundaries. If no additional information was available to identify the morphometric features,
then the entire landslide body was mapped in the transit zone class as the default, as this includes both

erosion and deposition.

For the land cover class, existing land cover maps (Copernicus Global Land Cover, CORINE, Dynamic

World) were first examined. These were deemed to be not of high enough accuracy at the pixel level
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for statistical analyses. Therefore, we produced our own locally-trained land cover maps. For each case
study a machine-learning based land cover classification was performed using the ee.smile. CART
algorithm (Classification and Regression Tree) in GEE (Breiman et al., 2017). These were trained using
a Sentinel-2 image with minimal cloud cover from before the event, along with the DEM, and pre-event
Sentinel-1 composite images (VV and VH polarisation). The classifier was trained by manually selecting
points within the following classes; Urban, artificial; Forest, trees, Scrub, herbaceous; Pasture, grass;
Sparsely vegetated; Water body, sea; Wetland; Bare rocks; and Glacier, snow. A minimum of 10 points
were selected in each of the classes present. Then the images were sampled at the selected points, the
classifier was trained. The classification was thereafter performed over the entire area of interest and
results viewed. If the classification was not satisfactory (judged by visual comparison of the results with
the higher resolution base satellite images) then additional training points were added, or input data

modified. The process was repeated until a satisfactory land cover map was achieved.

Finally, for each case study the following data was exported: 1) landslide polygons, (2) geotiff raster
images including the pre-processed Sentinel-1 bands from ascending and descending mode where
available (preVV, postVV, dVV, preVH, postVH, dVH, LIA) along a band of the land cover class. The
pixel values within each of the landslide polygons were extracted to produce a dataset consisting of
approximately 300,000 pixels. Using Seaborne (version 0.12.2) violin plots and 2-dimensional histogram
plots were produced to display the distribution of the data. The default settings were used, except for
the histograms where the argument stat="percent” was used instead of “count” (Waksom, 2022a,
2022b).

5 Results:

Over 1000 landslides were digitized from the 30 case studies. During this process we identified
predictable patterns in the expression of landslides in SAR backscatter change images related to the
different morphometric features of the landslides (scarp, transit zone and deposit zone) and land cover
type, and performed statistical analyses of the pixel values from the landslides. Here, we present an
overview of the trends that were identified, and present evidence from individual cases and the
statistical analyses that show how different factors, including land cover and landslide orientation

relative to the sensor, control this expression.

5.1 Trends identified in the expression of landslides in SAR data

Some examples of the trends identified are shown with contextual photos in Figure 5, SAR difference

images in Figure 6 with five-year time-series plots in Figure 7. These trends are summarised as follows:

(A) Scarp: The expression of scarps varied depending on the look direction, with scarps angled
away from the sensor look direction producing an abrupt decrease in backscatter intensity in
both dVV and dVH images, while scarps facing towards the sensor produced slightly to
moderately increased backscatter intensity. The time-series plots in Figure 7 show that the
decrease was most clear in VV polarised data, with a magnitude of 7 to 12 [dB]. In some cases
(seen quite clearly in case 20 in Peru), an edge of increased back scatter intensity was also
observed slightly behind the scarp on the far side of the landslide from the sensor. Rock fall
scarps were not clearly distinguishable in the cases we examined.

(B) Transit zone in herbaceous vegetation: the most easily distinguishable landslides were those

that occurred in herbaceous vegetation (e.g. tundra, peat, grass, cultivated land). These
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produced strong increases in backscatter intensity shown in time-series (Figure 7), most clearly
seen in VV polarised data, in the order of 7 to 10 dB in the time-series data.

(C) Transit zone in forested area: a more complex, but quite distinct, pattern of backscatter
intensity change was observed in most of the landslides that occurred in forested areas, seen
most clearly in VH polarisation. As with the scarps, the pattern depends on the look direction
of the sensor. For the cases shown in Figure 6 (including cases 5, 9, 10, 12, 23, and 25) it can be
seen that moving away from the sensor - there is a sequence with first decreased backscatter
intensity along the edge of the landslide closest to the sensor, and increased backscatter
intensity on the far edge of the landslide. For wider landslides there may be a zone with
moderately increased or decreased backscatter intensity in the centre of the transit zone. The
decreases shown in the time-series plots are around 4 to 8 db.

(D) Deposits: in most of the cases we observed, deposits were observable by a moderately to
strongly increased backscatter intensity (in VV polarisation) as seen in cases 2 and 14. Although
in some specific cases the deposits were observable by areas of decreased backscatter intensity,
as seen in cases 10 and 25. From the contextual photos in Figure 5, it appears that the deposits
with decreased backscatter intensity relate to cases where fine sediments settled from still water
caused by drainage blockage. Whereas, those showing increased backscatter intensity appear
to relate to deposits consisting of coarser materials inferred to be deposited more rapidly from
the turbulent landslide flow.
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Riesgos de Ecuador (2021) (2019)
4. Ecuador 2. Ireland 5. Norway 1. Iceland

B. TRASNIT
(herbaceous)

g BER AN o A o Vg,
Source: Angel Valdiviezo A. Source: Kevin Dockery Source: Sigurd Nerhus Source: Gylfi Gylfason

5. Norway 9. China 12. USA 23. Indonesia

C. TRANSIT
(forested)

=
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Figure 5 Context images corresponding to the landslides shown in Figure 7 and Figure 8, showing a variety
of landslide types and environmental settings.
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Figure 6 Collection of backscatter intensity change images showing a selection of landslides, demonstrating the
trends identified during systematic mapping of landslides in all 30 case studies shown in Figure 3. The change
images are produced from pre- and post-event median composite (from stacks consisting of 1 to 12 months of
images, see appendix for details) of terrain-corrected Sentinel-1 SAR images. Center coordinates and dates of the
landslides are provided in Figure 3.

15


https://doi.org/10.20944/preprints202302.0390.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 February 2023 d0i:10.20944/preprints202302.0390.v1

4. Ecuador (des.) 20. Peru (asc.) 15. Iceland (asc.) 30. Turkey (asc.)

1

A. SCARP
B.I. [dB]

6 17 18 19 20 2116 17 18 19 20 21
2. Ireland (asc.) 5. Norway (des.) 1. Iceland (des.)

¥ ]

B. TRANSIT
(herbaceous)
B.I. [dB]

18 19 20 21 2 23

5. Norway (des.) 9. China (des.) 12. USA (asc.)
5 T

C. TRANSIT
(forest)
B.I. [dB]

] K
YA

L

[}

I

I

| ! I
Ty 18 19 20 21 2 18 19 20 21 2 23 18 19 20 21 2 23

10. Philippines (des.) 25. Canada (asc.) 15. Iceland (asc.) 14. New Zealand (des.)

i

D. DEPOSITS
B.I. [dB]

8 19 20 21 2 B 019 20 20 02 B 16 17 18 19 20 2118 19 20 2 2 23
Date: January 20YY VW —VV5ptMA VH  —VHS5ptMA

Figure 7 Five-year time-series plots of mean backscatter intensity (B.1.) in VV and VH polarisation, sampled from
a 30 x 30 m patch within the landslide body. The location of the sample patches are shown in Figure 7. Landslides
can be observed by an abrupt change in the seasonal cycle of backscatter intensity. The black dashed lines show
when the landslide occurred. Event dates for each case are provided in Figure 3.

5.2 Factors controlling the expression of landslides in SAR data

The factors identified in the theory section as being relevant to the visibility and expression of landslides
in SAR backscatter intensity change images included: terrain elevation and geometric distortions, local
incidence angle (LIA), wavelength, land cover types, seasonal variations and water content. With the

exception of wavelength, which was fixed in this study (C-band), the role of each of the factors is
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considered based on the results of systematic mapping of the landslides along with pixel-based

statistical analyses.
52.1 Large scale terrain features and geometric distortions

Geometric distortions were considered to have been a major limitation to landslide visibility in six of
the cases (including 7. Vanuatu, 8. Brazil, 14. New Zealand, 26. USA, 27. Burundi, and 28. Australia).
This was particularly problematic if only one orbit pass was available. In the Burundi case, although
two orbit passes were available, a significant area was affected by foreshortening in both the ascending
and descending images (see Figure 8), which appears as stretched pixels when corrected and distorts
the landslide signatures significantly. This is problematic for areas with steep narrow valleys. Shadow
zones were not as problematic as expected for large scale terrain features (e.g. the 4000 m high
mountains in Case 14 from New Zealand, see Figure 7. Most of the shadow zones were related to the

presence of medium scale topographic features, such as cliffs.
522  Local incidence angle

The local incidence angle can have a strong impact on the expression of landslides in SAR data, as
illustrated in Figure 6. In particular, this is observed for landslides with significant scarps and those
that occur in forested areas where the appearance of the landslide varies significantly depending on the
sensor direction. Some of the landslides triggered by the earthquake in Hokkaido, Japan, shown in
Figure 9, show how strongly the expression of landslides can vary depending on the orientation of the

landslide surface.

27. Burundi, 4-Dec-2109 Ascending Descending

S
JavaE

oo o1 1o EENIITTTITIN 10 \/ Satellitepath  (” 2\\
< Y/

dNDVI Change in backscatter intensity [dB] - Look Direction

Figure 8 Landslide visibility was reduced in the Burundi case due to geometric distortions, as well as
unfavorable mixed vegetation conditions. Black areas show shadow distortion, while the stretched pixels are
presumably affected by foreshortening. Outlines were drawn based on the Sentinel-2 dNDVI image.
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Figure 9 Landslides in forested area from Hokkaido, Japan (case 11) showing strong variation in expression in
backscatter intensity change images depending on the orientation of the landslide surface. Outlines were drawn
based on the Sentinel-2 dNDVI image.

The landslide scarps to the west of the central valley are mainly sloping down towards the east, in a
similar direction to the look angle of the sensor on the ascending path (high LIA). In both the dVV and
dVH ascending images, these western landslides show decreased backscatter intensity at the location
of the back scarps. While the landslides to the east of the central valley facing approximately normal to
the sensor (low LIA) show a strong increase in the dVV image at the location of the back scarp and a
moderate increase in the mid slope. By contrast, in ascending dVH these eastern landslides show
moderately decreased backscatter intensity in both the mid slope and towards the back scarps. A
similar, but reversed pattern can be observed in the descending images. The local incidence angle
appeared to be less relevant for landslides that occurred in herbaceous vegetation and for deposit zones.

In Figure 9, the deposit zone in the centre of the valley shows an increase in all of the change images.

The 2D-histograms in Figure 10 show the spread of pixel values from within the mapped landslides
depending on the LIA, and separated according to land cover type, landslide morphometric feature
and polarisation. Although, there were relatively few data points in the scarp category, some strongly
increased backscatter intensity values are observed at low LIA within forested examples, both for VV
and VH polarisations. This fits with the observations from the Japanese case study shown in Figure 9.
In the non-vegetated transit zone, and herbaceous deposits plots, there appears to be a weak trend of
increasing dVV and dVH values with increasing LIA for the middle LIA values. However, there are a
lack of points sampled at low and high LIAs in these categories. For the remaining plots there does not

appear to be any clear relationships between the change in backscatter intensity values and the LIA.
52.3  Changes between ground cover types

The change in ground cover and associated scattering mechanisms depends both on the pre-event land

cover, as well as the post-event texture of the ground produced by the landslide. From the 2D-
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histograms in Figure 10, it can clearly be seen that deposits tend to produce increased back scatter
intensity in all land cover classes, although the difference is greater in herbaceous and non-vegetated
classes. While from the transit plots in forested areas, that landslides generally produce a decrease in
backscatter intensity.
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Figure 10 2D Histograms of data points sampled from within the landslides polygons (columns). Separated
according to land cover class, and polarisation. Shows the distribution of the pixel values LIA vs change in
backscatter intensity. In the herbaceous category, land cover classes including sparse vegetation, pasture, grass,
wetland, scrub and herbaceous were combined. For non-vegetated urban, artificial water bodies, bare rocks, and
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glacier and snow were combined. C: indicates the pixel count. Note that the LIA is calculated from the pre-event
DEM.

Figure 11 shows increasing backscatter intensity of deposits from four cases. Post-event deposits show
variation depending on the material, variation between the medians of 4 dB. The backscatter intensity
increases with increasing material size (10. mainly fines, 5. mixed fine and coarse, 9. mixed with
vegetation debris, to 11. rock and boulders). Note that the deposits in cases 5, 10, and 11, occurred on

mainly flat or shallowly sloping areas, while those in 14 are from a slope with a lower incidence angle,

therefore the values may be slightly higher due to this.

post VH
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Figure 11 Different deposit material types, and the distribution of the pixel values from the four different case
studies shown. These include: Smooth, flat deposits from mudflow near Baybay City, Philippines (10) (source:
Philippines Coast Guard, AP). A mixture of soil and rocks in debris flow deposit in Vassenden, Norway (5). Rock
avalanche deposits at Mt Tasman, New Zealand (14) (© Matariki Project/MRC/University of
Otago/GNS/PGO/PLEIADES © CNES (2022), distribution Airbus DS.). (11) Forest debris from landslides in
Hokkaido, Japan (© Maxar (2018)). Bottom left: Violin plots of post-event backscatter intensity distribution from
the different deposit material types. The upper and lower quartiles and the median are indicated by the black box
plot with a central white dot.
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Figure 12 Distribution of sampled pixel values within mapped landslides from the pre-event and difference
images, shown as violin plots with box-plots and kernel distribution. The upper and lower quartiles and the
median are indicated by the black box plot with a central white dot. These are separated according to pre-event
land cover types and polarisation.

Figure 12 shows the distribution of pixel values within the mapped landslide polygons according to
land cover class, for pre-event and the change in backscatter intensity. The pre-event backscatter
intensity values have a combined median of -9.9 and -17.6 dB for VV and VH respectively. Urban and
forest land cover classes have slightly higher initial values relative to the median in VV and VH
polarisations, while wetland and water bodies have slightly lower values in both. In VH non-vegetated

land cover types including bare rocks and snow also show values lower than the median.

The differences in backscatter intensity are mostly positive, except for pixels within the forest class
which show a mean decrease of -2 dB in both VV and VH polarisation. The strongest increases are
observed for landslides that occurred in wetland and snow with average difference values of ~4 dB.

Slightly negative changes are also seen for scrub and urban land cover classes in VH polarisation.

5.2.4  Seasonal variations and water content
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The time-series plots in Figure 7 show variation in the seasonal cycles of backscatter intensity, in which
reflect the local climate and vegetation conditions. In general, for vegetated areas the backscatter
intensity is higher in summer, and lower in winter. While in tropical areas, the backscatter intensity is
relatively constant through the year, and in sub-polar or alpine regions winter snowfalls produce strong
decreases (in the order of 10 to 20 dB) in intensity. In most cases, the change due to landslides appears
unambiguously and a clear difference in the seasonal cycle is observable. However, in cases with
seasonal snow cover (e.g. 5B. Norway, 1B. Iceland and 14D. New Zealand) the changes due to

landslides are of a lower magnitude than the change due to snow cover change, and therefore less clear.

Most of the inter-annual variability in the pre- and post-event seasonal cycles is likely caused by
fluctuations in moisture content. Although we don’t not have access to soil moisture measurements,
some trends can be inferred. The effect of moisture content is seen most clearly in case 14 from a high
alpine environment in New Zealand (Mt Tasman, approx. 2,500 m a.s.l.). Here, in spring at the onset of
snow-melt, the backscatter intensity drops abruptly, with a magnitude of approximately 15 dB. In
several cases, in the transit and deposit zones, it is seen that the following the initial change in
backscatter intensity, there is a period over several weeks where the backscatter intensity decreases
slightly. This is seen in cases 4, 2, and 5 in the herbaceous transit zone, and in 23 in the forested transit
zone. We did not have access to soil moisture data, but it is possible that this pattern is due to decreasing
moisture content after the rainfall triggered landslides. In contrast, the values increase in the deposit

zone in case 15 in Iceland.
6. Discussion

The results showed that landslides produce predictable patterns in SAR backscatter change images
related to morphology, land cover, and sensor and ground surface orientation. The trends identified
have not previously been documented in relation to landslides. Here, we consider the physical basis
for the identified trends in relation to the change in scattering mechanism, compare these with similar
trends described in literature from other phenomena, and discuss limitations of the approach and

possible future research directions.

6.1 Trends

In order to improve understanding of the physical-basis for the identified trends, we present the
generalised conceptual model shown in Figure 13, relating the change in scattering behaviors to the
observed change in backscatter intensity. This is described as follows, referring to the numbers

illustrated:
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edge — increased (VV) — strongly increased (VV)

Figure 13 Conceptual model of a landslide and the relative changes in backscatter intensity (B.1.), depending
on landslide morphology, and the change in ground-cover types and their associated scattering mechanisms.

A. SCARP

The sudden change in topography, usually expressed by a steep surface, results in a strongly decreased
intensity for scarps facing away from the sensor (1). This is attributed to radar shadow, which occurs
when the slope angle is steeper than the radar incident angle. The base of the scarp beyond the shadow
zone, may show increased intensity due to an increase in surface roughness (2) as in the conceptual

model. However, this will vary depending on the specific pre-event land cover and post-event surface
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roughness and orientation. For scarps facing towards the sensor (3), if the LIA is decreased more energy
will be reflected back towards the sensor, resulting in increased intensity. In addition, the concave top
edge of the scarp will also give strongly increased reflectivity relative to a flat pre-event surface,
producing strongly increased values on the outer edge of the scarp. These patterns are seen most clearly
in VV, due to the greater sensitivity to changes in surface roughness. Similar changes have been
documented in relation to changes in topography of a volcanic crater following an explosive eruption
(Arnold et al., 2018).

B. TRANSIT (herbaceous)

The trend of predominantly increased backscatter intensity in these areas, is due to an increase in
surface roughness of the landslide surface compared to a weathered pre-event surface (2). This results
in increased diffusivity, and stronger reflection back towards the sensor. Minor scarps and concave
features within transit zones of larger landslide are identifiable based on the same principles as
described for the main scarp. There are numerous examples of agricultural studies relating increasing
roughness of non-vegetated surfaces to increasing backscatter intensity (Baghdadi et al., 2018; Beaudoin
et al., 1990)(Baghdadi et al., 2018; Beaudoin et al., 1990; Tempfli et al., 2009).

C. TRANSIT (forested)

The pattern illustrated for landslide transit zones in forest is very similar to the pattern described by
(Hoekman et al, 2020) from drainage canals that are constructed within rainforests prior to
deforestation. The changes relate to (1) radar shadow on the near edge, (5) change from forest to bare
soil which produces a decrease in VH due to reduction of volumetric scattering, and possibly slight
increase in VV, depending on the roughness of the surface, and (6) increased backscatter intensity on
the far edge, due to a change from forest to a new near-vertical surface of the scarp and tree-trunks,

which produce direct and double bounce scattering, increasing the energy returned to the sensor.
D. DEPOSITS (with ponding)

The example illustrated shows firstly a strong decrease caused by a new pond, related to a change from
grass to water (7) which has a very low intensity due to specular reflection. From the case studies, we
observed that new lakes or ponds caused by landslide dams, showed stronger signals than the
landslides themselves and are very easy to detect in the change imagery. Although, they can be difficult
to distinguish from scarps without contextual information, as can be seen in the Ecuador case, where
there first seemed to be three large scarps, however one of them was actually a lake. Detecting newly
formed lakes is important in disaster response, as these may occur in unpopulated areas, however can
pose serious threats to people downstream if the landslide-dam bursts suddenly (Dellow et al., 2017).
The signal is the same as can be used to detect flooding (Shen et al., 2019). Conversely, changes from
ground to water result in strongly increased backscatter intensity which was observable in cases 10, 15

and 20 from the Philippines, Iceland and Peru.

The landslide deposits themselves were most frequently observed in change images by increased
backscatter intensity (8) as is illustrated in the conceptual mode. This is due to increased surface
roughness, and possibly also the presence of concave structures for landslides with a large volume,

both of which produce increased diffusivity. However, as shown in Figure 6, 7 and 10, cases that
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appeared to have smooth deposits formed by fine materials (mud or silt) produce lower backscatter
intensity post-event, and this may result in decreased backscatter intensity in VH change images. Such
deposits can indicate that the sediments were deposited by still or slow-moving water, related to

blocked drainage.
6.2 Controlling factors

Factors that were expected to control the visibility and expression of landslides in backscatter intensity
change images included; geometric distortions, LIA, ground cover, seasonal variations and water
content. Wavelength is also considered relevant, however was not investigated in this study. Overall,
we saw significantly stronger trends in the time-series data from individual cases, than from the means
of the pixels within the mapped polygons. This is due to the selection of points within the change
images for extracting the time-series data that showed strong changes. While, the sample pixel values
within the mapped polygons show more variation due to irregular surface texture and topography and

speckle noise.

The overall detection rate was 87% (n. test cases = 26/30) in this study. This is similar to that reported
by Mondini et. al (2019) of 83% (n. test cases = 27/32), yet differs significantly from the rate reported by
Lindsay et al., (2022) of less than 10% (n. test cases = 9/120). The difference between these reported rates
lies in the method of case study selection. In the two former, the examples selected came mostly from
news reports and are biased towards larger, more catastrophic events, whereas in Lindsay et. al., (2022),
the reported rate was in comparison to a set of previously mapped landslides from a single case study

and included mainly smaller landslides.

The influence of the LIA was clearly observable when looking at the differences in the landslide
expression between individual cases. This was particularly important in the case where landslides
produced an abrupt change in surface height, whether due to removal of materials in the scarp area, or
removal of trees in the transit or deposition zones. The pattern of shadows from steep or vertical
surfaces facing away from the sensor, and bright edges facing towards the sensor is highly dependent
on the sensor look direction (ascending or descending orbit path). The trends were not clear in the 2D
histogram plots in this study, however the LIA has been shown to affect the backscatter intensity to
different degrees, in experimental data from other fields where the sampled areas were more
homogenous. Using post-event DEMs to estimate the LIA, would probably give clearer trends

especially for the scarp. However, this data is not readily available in most cases (Dabiri et al., 2020).

The change in the ground cover type and associated scattering mechanisms was very important in
determining the expression of the landslides. In the change images, time-series data, and statistical
analyses, it was clear that landslides in forest tend to produce an overall decrease in backscatter
intensity, while those in herbaceous and non-vegetated areas tend to produce an increase. In addition,
changes to water bodies were very clear in the change images. Differences in the post-event backscatter
intensity sampled within deposit zones, were also observed depending on the material size (fine, or

coarse).

Changes due to landslides in time-series data were clearer for cases with tropical and temperate
climates where the vegetation showed limited seasonal variation. Cases with changes in snow cover
showed abrupt changes in backscatter intensity values that were not related to landslides. It was

observable that the timing of landslides in relation to the underlying seasonal cycle, either enhanced
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(i.e. 14. New Zealand), or reduced (i.e. 5. Norway) the change in backscatter intensity. These variations
in seasonal conditions are important to be aware of if designing an operational landslide detection

system based on time-series data. The effect of changes in water content were not clear.

6.3 Limitations and future research directions

The cases that were undetectable in this study (Table 1, set 1) included two rock fall events, one slush
flow, and one case with mixed vegetation type. In the rock fall events, it was determined that the change
to the ground surface texture was not significant, or in the case where deposition occurred on a road,
not permanent. The slush flow was not detectable due to changes to the surrounding area due to snow-
melt. While for the mixed vegetation case where deposition occurred without removing the pre-existing
trees, the change produced by the landslide did not significantly alter the backscatter response, which
included both diffuse and volumetric scatterers, before and after the event. In the cases where
landslides were only partially visible or detectable only with a-priori knowledge (set 2), the main
limiting factors included; small or narrow landslide geometry, geometric distortions that obscured or
warped the landslide signatures, snow- melt in the surrounding area, deposition in an urban area, and
only single orbit pass available. Large scale topography, in particular high mountains, was not as

problematic as expected.

The dataset produced in this study provides a diverse training dataset that can be used for developing
generalised automatic detection models. Previous studies have shown that locally-trained deep-
learning models such as U-Net can detect landslides with good accuracy from Sentinel-1 images due to
their ability to differentiate random speckle noise from clusters of pixels related to changes to the
ground surface (Ganered et al., 2023). The results of this study can be used to improve the design of
deep-learning models through understanding how to ensure representative training cases and relevant
input data are included. A challenge for such models, will be to differentiate signals of non-landslide
related vegetation loss from landslides, as is an ongoing problem for landslide detection using optical
data (Prakash et al., 2021). More investigations could also be done using this dataset for improving
understanding of how land cover affects the generation of post-event DEMs (Dabiri et al., 2020). Then
automated estimation of the volume of material would also be possible. This would enable disaster

responders to estimate the magnitude of the problem, and send appropriate resources.

Experience from testing these methods on recent events, including landslides triggered by floods and
cyclones in New Zealand (10 January 2023, 27 January 2023), and the Turkey earthquakes (6 February
2023), has shown that large landslides and landslide dams can be detected from single post-event
images. However. the greatest limitation for applying these methods in disaster situations is the lack
of daily images freely available (revisit frequency in Europe is 1-3 days, in equatorial regions it can be
up to 12 days). Commercial high resolution SAR data is currently available at a daily frequency. In
order to be prepared to respond quickly, one should have agreements set up in advance to access to
satellite images from as many sources as possible, including commercial providers (e.g. ALOS, ICEYE,
Spacety which may provide data for research and non-commercial activities), and have code prepared
to quickly process the images. Research should be conducted into combining imagery from multiple
sensors with varying wavelengths, view angles and resolutions, to be prepared to use whatever

information is available.
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The frequency of freely available SAR images will double with the launch of the NISAR (NASA-ISRO
SAR) satellites in 2024. However, it will take some time to build up a new set of landslides observations
in the X- and L-band. Furthermore, it is likely that Sentinel-1 coherence data will be added to the GEE
catalogue (Gorelick. N. (2022). pers comm.). This will facilitate global studies of how coherence data and
backscatter data can be used together to improve landslide detection. Automatic detection and
consequence analyses (for instance highlighting the intersection of automatically detected landslides
with buildings, or infrastructure) could also be useful for improving situational awareness during

disaster response.
7. Conclusions

When cloud-cover inhibits the use of optical imagery during disaster response, SAR satellite imagery
could be used to provide crucial information on the location, and timing of landslides. Through
systematic and quantitative analysis of over 1000 landslides from 30 diverse global case studies, we
found that landslides produce predictable patterns of increased and decreased backscatter intensity.
The change in intensity relates to morphology, and changes in topography, land cover, and surface
roughness and their associated scattering properties. The findings were summarised in a physically,
and empirically based conceptual model which can facilitate interpretation of landslides in SAR
backscatter change images. These patterns have not been documented in relation to landslides
previously, however have similarities to signals produced by features related to volcanic eruptions,
agriculture, deforestation, canal building and floods. Using freely available Sentinel-1 images and
Google Earth Engine, the radar change images can be rapidly produced for a new location, when new
satellite images become available online. The trends observed in this study may improve utilisation of
satellite radar images for rapid detection of landslides and other natural hazards, and facilitate
development of multi-sensor automatic detection models and continuous monitoring systems. This can
improve situational awareness in disaster response and potentially improve outcomes for the affected

populations.
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Appendix 1: Links for landslide case study reports Accessed: 11-Dec-2022.

Location Link
1. Iceland https://blogs.agu.org/landslideblog/2021/10/08/multiple-landslides-in-thingeyjarsveit-and-in-kinnarfjoll-in-iceland/
2. Ireland https://blogs.agu.org/landslideblog/2021/07/23/benbrack-1/
3. New Zealand https://blogs.agu.org/landslideblog/2022/04/21/wairoa-1-2/
4. Ecuador https://blogs.agu.org/landslideblog/2021/02/16/chunchi-a/
5. Norway https://blogs.agu.org/landslideblog/2019/08/01/sogn-og-fjordane-1/
6. Sth. Africa https://blogs.agu.org/landslideblog/2022/04/22/durban-1/
7. Vanuatu https://hazmapper.org/2020/05/20/cyclone-harold-defoliation-and-mass-wasting-in-vanuatu/
8. Brazil https://blogs.agu.org/landslideblog/2021/05/17/the-17-18-december-2020-landslide-disaster-in-presidente-getulio-
southern-brazil/
9. China https://blogs.agu.org/landslideblog/2021/10/28/the-21-july-2020-shaziba-landslide-at-mazhe-village-in-enshi-china/
10. Philippines https://blogs.agu.org/landslideblog/2022/04/14/three-very-large-landslides-triggered-by-tropical-storm-megi-agaton/
11. Japan https://link.springer.com/article/10.1007/s10346-019-01206-7
12. USA https://blogs.agu.org/landslideblog/2022/08/03/haines/
13. China https://blogs.agu.org/landslideblog/2021/10/26/the-5-april-2021-tiejiangwan-landslide-in-sichuan-province-china/
14. N. Zealand https://www.otago.ac.nz/surveying/potree/pub/mrc/projects/matariki/changing-landscape
15. Iceland https://blogs.agu.org/landslideblog/2018/07/26/fagraskogarfjall-landslide/
16. India https://link.springer.com/article/10.1007/s10346-021-01802-6
17. India https://link.springer.com/article/10.1007/s10346-021-01802-6
18. Norway https://www.regobs.no/Registration/193067
19. India https://link.springer.com/article/10.1007/s10346-020-01598-x
20. Peru https://blogs.agu.org/landslideblog/2020/06/30/achoma-landslide-1/
21. Kygysztan https://earthobservatory.nasa.gov/images/90255/landslide-in-southern-kyrgyzstan
22. Italy https://blogs.agu.org/landslideblog/2019/11/25/savona-landslide-1/
23. Indonesia https://blogs.agu.org/landslideblog/2022/03/29/mount-talakmau-1/
24. Brazil https://blogs.agu.org/landslideblog/2022/05/31/recife-1/
25. Canada https://blogs.agu.org/landslideblog/2021/11/16/bc-1/
26. USA https://twitter.com/bclemms/status/1452333926949822468?lang=en
27. Burundi https://hazmapper.org/2020/04/27 /mass-wasting-in-burundi-december-2019/
28. Australia https://blogs.agu.org/landslideblog/2022/03/11/main-arm-1/
29. Indonesia https://link.springer.com/article/10.1007/s10346-021-01700-x
30. Turkey https://blogs.agu.org/landslideblog/2019/05/17/ordu-1/
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