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ARTICLE INFO ABSTRACT

Keywords: Landslides are a major geohazard in hilly and mountainous environments. In-situ inspection of downslope
Landslides motion is costly, sometimes dangerous and, requires prior knowledge of the existence of a landslide. Remote
Deformation tracking sensing from space is a way to detect and characterize landslides systematically at large scale. Interferometric
Isr;fll:iiel-l Synthetic Aperture Radar (InSAR) has shown to be a valuable resource of deformation information, but it re-

quires expert knowledge and considerable computational efforts. Moreover, the successful application of InSAR
for landslides requires a favorable acquisition geometry relative to the landslide deformation pattern. Conse-
quently, there is a need for a widely applicable tool to assess the potential of InSAR at a particular location a
priori. Here we present a novel, generic approach to assess the potential of InSAR-based deformation tracking,
providing a standardised and automated method applicable on any slope. We define the detection potential as
the sensitivity of InSAR to detect downslope displacement combined with the presence of coherently scattering
surfaces. We show that deformation can be detected on at least 91% of the global landslide-prone slopes, and
provide an open source Google Earth Engine tool for the quick assessment of the availability of potential coherent
scatterers. This tool enables any person interested in applying InSAR to routinely assess the potential for
monitoring landslide deformation in their region of interest.

Sensitivity index

1. Introduction

With an estimated average economic loss of € 4.7 billion per year in
Europe alone, landslides are a major hazard (Haque et al., 2016).
Knowledge of the landslide deformation behaviour provides insight in
its characteristics and potential societal impact (Intrieri et al., 2019; van
Natijne et al., 2020). Recent case studies show that satellite measure-
ments of landslide deformation allow for the early detection of accel-
erated deformation preceding a catastrophic event (Intrieri et al., 2018;
Carla et al., 2019).

Several methods are available to obtain deformation measurements,
each with different characteristics, temporal sampling, and spatial
coverage. Local techniques include crackmeters, extensometers and in-
clinometers, that quantify in-situ deformation at the specific location at
the landslide or building they are applied to (Logar et al., 2017; Segalini
et al., 2019). Slope scale techniques, used to quantify differential
deformation within a landslide, include total station measurements, and
Global Navigation Satellite System (GNSS) measurement campaigns
(Benoit et al., 2015). However, those techniques require access to the
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landslide for installation, maintenance and/or operation of sensors, re-
flectors or benchmarks.

Terrestrial laser scanning, photogrammetry and ground based radar
are slope scale alternatives that can be deployed elsewhere, without
access to the landslide, given free visibility of the landslide features
(Jaboyedoff et al., 2012; Dewitte et al., 2008; Antonello et al., 2004).
Aerial laser scanning and photogrammetric campaigns provide regional
coverage, where especially laser scanning is able to penetrate vegetation
on slopes. Deformation measurements can be based on feature tracking,
as well as on a volumetric comparison of surface models (Zieher et al.,
2019; Corsini et al., 2013). However, unless automated, all these mea-
surements provide sparse, infrequent deformation measurements, that
mask short-term variations in a long-term trend (Mansour et al., 2011).

Satellites provide an ideal platform for systematically repeating
surveys over larger areas. Archives of wide scale acquisitions make it
possible to detect previously unknown landslides and analyze historic
landslide behaviour. Image-based correlation techniques are used for
deformation tracking in both optical and radar amplitude imagery,
tracking features in an image sequence over time (Mondini et al., 2019;
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Singleton et al., 2014; Lacroix et al., 2018; Stumpf et al., 2017). How-
ever, their efficacy is limited to fast-moving landslides (Bickel et al.,
2018). Furthermore, optical imagery is ineffective in case of cloud
coverage.

These limitations are not applicable to deformation measurements
obtained by satellite-borne Synthetic Aperture Radar Interferometry,
InSAR (Hanssen, 2001). In less than two decades, InSAR has become an
important information source for landslide deformation studies (Cole-
santi et al., 2003; Berardino et al., 2003; Hilley et al., 2004; Colesanti
and Wasowski, 2006; Tofani et al., 2013), especially for slow to very
slow landslides (0-1.6 m/year) (Hungr et al., 2014). These landslides
can be tracked with coherent scatterers, natural or man-made reflectors
that show phase-consistent scattering behaviour over time (Ferretti
et al., 2001; Hanssen, 2001; Berardino et al., 2003; Komac et al., 2015).

InSAR studies consider a large variation in landslide types, process-
ing techniques and objectives. Different deformation types include large
scale block deformation (Czikhardt et al., 2017), rock slides (Lauknes
et al., 2010; Delgado et al., 2011) and mud slides (Sun et al., 2015).
Often, studies are local, and some studies validated InSAR results using
field GPS measurements (Peyret et al., 2008; Yin et al., 2010; Komac
et al., 2015). Regional studies, such as Aslan et al. (2020), are still rare,
although continental scale InSAR products are under development
(Crosetto et al., 2020). Others estimate landslide parameters based on
InSAR time series in in-depth case studies (Intrieri et al., 2020; Schlogel
et al., 2015).

Due to the numerous potential error sources, expert knowledge is
required for the successful application of InSAR (van Leijen, 2014). In
mountainous environments there is an additional effect on InSAR pro-
cessing of the complex interaction with topography and the atmosphere
(Hanssen, 2001). Furthermore, due the data heavy character of time
series analysis, significant computational efforts are required. Therefore,
it would be beneficial to be able to assess the applicability of InSAR
before engaging in an in-depth study.

For this purpose, Cascini et al. (2009, 2010) introduced the concept
of an InSAR ‘visibility map’ for landslides. However, it did not account
for geometric distortion due to the effect of topography on the radar
signal. An alternative ‘feasibility index’ was proposed by Notti et al.
(2010). They proposed a surface geometry based method to estimate the
likelihood of extracting deformation time series using InSAR, where
feasibility was defined as the chance of the availability of a persistent
scatterer in a series of SAR images. Their concept is implemented and
extended in a range of later studies by Notti et al. (2011), Notti et al.
(2014), Plank et al. (2010), Plank et al. (2012), Herrera et al. (2013),
Cigna et al. (2013), Bianchini et al. (2013), Ciampalini et al. (2015),
Novellino et al. (2017), Boni et al. (2020) and Del Soldato et al. (2021).
However, the landslide deformation pattern was not incorporated.

Here we present a novel, comprehensive method to a priori assess the
applicability of InSAR in landslide deformation detection at global scale.
To be able to quantify the minimal detectable deformation (Teunissen,
2000; Baarda, 1968), we have adapted the sensitivity index (Chang
et al., 2018) to the landslide process. The sensitivity index is available
without prior knowledge of the deformation pattern or radar imagery,
and is aimed at desk studies of the applicability of later InSAR landslide
deformation analysis. Thanks to the sensitivity index, we could, for the
first time, globally quantify the possibilities for InSAR slope monitoring.

Furthermore, we qualify the ability to extract deformation time se-
ries from the InSAR signal in a detection potential indicator. Finally, we
provide a public detection potential tool in Google Earth Engine, that
allows for an in-depth analysis of individual slopes. Together, these tools
provide landslide experts, before engaging in an in-depth study, with a
semi-automated assessment of the potential of landslide deformation
tracking with InSAR.

In Section 2, we outline the principles of our method, followed by a
detailed description of the calculation of the sensitivity index and
detection potential indicator in Section 3. The tools accompanying this
manuscript are demonstrated on a real world example in Section 4.
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Section 5 includes statistics on the global sensitivity index. Finally, we
discuss the underlying assumptions in Section 6.

2. Defining InSAR measurement geometry

Surface geometry. Landslides are gravity induced and move down-
wards along the slope direction (Singleton et al., 2014). At a given time,
the displacement of the landslide in the along-slope direction can be
described by the instantaneous downslope or true velocity. The slope, f,
is defined as the steepest downward direction, described by the aspect,
a, in clockwise degrees from north (0°- 360°). The slope steepness, S, is
defined as the vertical angle from the horizontal.

A digital elevation model can be used to estimate the surface
topography parameters, slope and aspect. Here we used the Copernicus
DEM (Fahrland, 2020). The 30 m resolution at the equator is one of the
highest for elevation models with (near) global coverage. The resolution
impacts the representation accuracy of steep slopes, while the estima-
tion of the aspect is less affected (Grohmann, 2015). For calculation
convenience, flat slopes, i.e. f<5°, are ignored in this study as the
presence of a landslide system is expected to be extremely unlikely.

Radar geometry. The geometry of the InSAR acquisitions for a
particular location is defined by the orientation of the line-of-sight (LOS)
unit vector towards the satellite at the moment of imaging (Hanssen,
2001). Projected onto the horizontal plane, its angle from the north is
referred to as the azimuth look direction (ALD), which is typically east-
southeast for the descending (southbound) satellite orbit, and west-
southwest for the ascending (northbound) orbit. The angle between
the LOS unit vector and the zenith direction is referred to as the inci-
dence angle, 0, see Fig. 1, which is typically a value between 0,,;, =
29°and 0., = 46°for Sentinel-1. Exact calculations are discussed in
Section 3.1.

Measurement geometry. Key concept is the interaction between the
radar geometry, surface geometry and landslide deformation. Two ge-
ometries inhibit proper interpretation of the radar signal: shadow and
layover. In the case of shadow, the radar signal is blocked by topog-
raphy. With layover, scatterers can no longer be unambiguously
attributed to a single point on the Earth surface, as the radar signal
scattered on multiple locations, at the same distance to the satellite,
simultaneously and the signals are superimposed on each other. Fig. 1

(o8

(b) — —

Fig. 1. Effects of surface topography on the radar image, shown in both the
radar line-of-sight as the horizontal plane. The mapping from topography to
line-of-sight is illustrated by the dashed lines, where the radar signal is
simplified to a parallel wave front with incidence angle 6. Under (a), the effects
of surface topography on the radar image are shown mapped onto a DEM.
Except for the area indicated by the asterisk, standard shadow algorithms in GIS
are capable of modelling the destructive effects of topography on the radar
signal. In comparison, (b) shows the effects that are locally detectable, without
considering the surrounding surface topography, see Fig. 4. Image inspired by
Pinel et al. (2014).
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illustrates how these effects affect the radar acquisition in mountainous
terrain.

To detect these effects in a 3D world, the apparent slope is a helpful
variable. The apparent slope f§, is the slope as seen in the line-of-sight of
the Sentinel-1 satellite:

B = psin(y —a), b}

with the terrain slope, f3, aspect, a, and satellite heading, y , corrected for
meridian convergence. Fig. 3 illustrates the apparent slope in both
ascending and descending orbits, for an artificial, radially symmetric
mountain (Fig. 2).

Given the incidence angle, 0, the geometric effects are found by
simple relations: shadow occurs if F<—0, layover occurs when
f >90° —0. These effects are illustrated in Fig. 4, for both the minimum
and maximum incidence angle of Sentinel-1. However, on slope scale, as
shown in Fig. 1, the effect of shadow and layover by neighbouring
topography requires further modelling of the line-of-sight for an accu-
rate representation.

3. Sensitivity index and detection potential

The application of InSAR deformation measurements is feasible
when the following conditions are met: (i) the presence of coherent
scatterers; and (ii) the availability of sufficient radar acquisitions with
(iii) a geometry sensitive to deformation. Our work consists of two
methods to assess these requirements (see Fig. 5). First we derive the
sensitivity index, a static analysis of the lower bound of the sensitivity of
Sentinel-1 to downslope deformation of the landslide. Second we define
the detection potential indicator, which is a Google Earth Engine based
tool to analyze the availability of imagery and scatterers from the
Sentinel-1 time series contained in the Google Earth Engine archives.

Definition of the sensitivity index. Radar observations are only sensitive
to deformation components in the propagation direction of the radar
signal, the line-of-sight. Given the direction of downslope deformation,
the sensitivity index, s € [0,1], is calculated by the orthogonal projection
of the downslope unit vector onto the line-of-sight of the radar satellite
(Chang et al., 2018). The most conservative incidence angle is used for
the radar parameters, i.e. the incidence angle that yields the lowest
sensitivity.

The sensitivity index is based on radar and surface geometry only,
and the lower-bound is known without knowledge of the radar acqui-
sitions. As such, the sensitivity index is a geometric property, that can be

0° 45° 90° 45° 0°
Slope (B)

Fig. 2. Profile of a synthetic, radially symmetric mountain. The arrows indicate
the expected sliding direction of a landslide.
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computed without the computational burden of downloading and pro-
cessing large quantities of radar data. This index can be implemented in
most Geographic Information Systems and is provided by us as a Google
Earth Engine tool, and is a valuable assessment tool in the early planning
phase.

Definition of the detection potential. The detection potential is quan-
tified here by the estimated availability of presumedly coherent scat-
terers via the so-called method of normalized amplitude dispersion
(Ferretti et al., 2001). Hereby, the amount of variability of the amplitude
per radar-pixel in time is used as a proxy for the level of phase stability.
Normalized amplitude dispersion is used by various InSAR packages as a
convenient a priori selection technique for the selection of potential
coherent scatterers (van Leijen, 2014). Although this method was orig-
inally aimed at coherent point scatterers, our application on multilooked
and calibrated amplitude (GRD) instead of complex (SLC) data yields a
proxy indication of coherent distributed scatterers as well. Only when a
radar-pixel shows coherent scattering during a significant part of the full
temporal extent, a displacement time series can be estimated. When the
scatterer is disturbed or temporally obstructed, for example by snow, the
scatterer (temporarily) loses coherence.

3.1. Sensitivity index algorithm

Starting point is the digital elevation model, from which the surface
geometry is derived using standard functions available in most GIS
packages (see Fig. 6). The surface geometry is derived from the DEM and
combined with the radar geometry. On potential landslide slopes, the
destructive geometric effects, shadow and layover, on the radar signal
are estimated.

The system is operated on a tile basis, following the original 1° by 1°
(~ 100 x 100 km) tiling of the Copernicus DEM data. The tiles can be
merged into a regional or world map upon completion, as desired. Here
we provide a detailed, step-by-step overview of the processing steps.
Finally, we provide an analysis of the computational efficiency of the
algorithm.

Local Cartesian reference frame. To ease calculations, a local Cartesian
coordinate system is constructed for each DEM-pixel. Locally, the Earth
is assumed to be spherical, with an apparent radius, p(¢), dependent on
latitude ¢, estimated from the WGS84 ellipsoid underlying the Coper-
nicus DEM. At pixel level, the Earth is assumed to be flat, and the cur-
vature of the Earth with respect to its neighbours ignored. The apparent
radius at latitude ¢ [ —90°,90°] is given by (Husdr et al., 2017):

2 _p2
ay/1 -2

PEPE 2

1-— ”za;z”zcosz(db)
with equatorial radius a = 6378137 meters and polar radius b=
6356752 meters. The resolution in x and y, in meters, at latitude ¢ is
then estimated as:

rx(¢) ~ p(¢)-ri-cos(¢),
ry(¢) %p(¢)~r¢, (3)

with r, and r; the latitudinal and longitudinal resolution in radians.

Surface geometry. The estimation of slope and aspect are based on the
gradient calculation methods described by Horn (1981). These methods
are the de facto standard for fast slope and aspect calculations in GIS
(GDAL, GDAL/OGR contributors, 2020). The method is based on a
weighted average of nearby pixels.

The neighbouring pixels in a 3 x 3 neighbourhood of elevations
around 2z are referenced to as follows:
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y’ N N

ALD ALD
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—-90° —45° 0° 45° 90°

Apparent slope (8')

Fig. 3. Analysis of the apparent slope of an artificial, radially symmetric mountain, as illustrated in Fig. 2, at latitude ¢ ~ +46°. Fig. 4 shows a 2D schematization of
the potential effects of surface geometry on the radar signal.

6 =29° 6=46°

® 5% ? S
= k] ° S \
(o) ©
£ < © I
D) 9 > 2
DN ) )
\7\\ -~ \\
1 B 7~ 1 T B’ 7\ 1
B’ -B’ B’ -B’

Fig. 4. 2D schematization of the effects of the surface geometry on the radar geometry. Illustrated are the minimum and maximum incidence angles 0 of Sentinel-1

for a variable, apparent slope # [ —90°,90°]. Only the local effects, induced by the DEM-pixel itself, are described by these relations. Shadow or layover, induced by
nearby topography, cf. Fig. 1 (b), cannot be captured this way.

Landslide geometry

@ h)

- SenS|t|\(/S|t)y index P> Detection potential

Radar geometry
(y/-,\SC’ YE,)SCY emln‘ 6 )

max

Radar imagery

(A)

Fig. 5. An overview of the workflow and variables. Geometric analysis of the landslide and radar geometries (§2) leads to the sensitivity index for landslide
deformation detection (§3.1). The detection potential (§3.2) is estimated by exploratory data analysis of archived radar imagery using Google Earth Engine.

Z_1,-1 | 2-1,0 | Z=1,1 _ (zo10 + 2201 +211) — (22121 + 2201 +21-1)
8r, ’
20,—1 20,0 20,1 4 (#) 5)
(2o 220+ 20141) — (2 + 2210 +2141)
21,-1 21,0 21,1 - 8”y(</1) .

The indices on the y-axis are inverted to match the convention on image
coordinates, where the y-axis points down.

The weighted gradients in x-direction (p) and y-direction (q) are
estimated as

The gradients p and q yield a tangent, downslope vector, t,
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Max. of ASC, DSC

Min.of 6 ., 6

Elevation Gradient calc. Geometry |B>23°| Sensitivity
©ew) | 1 (. > " @p P Cindex (s) | M User

Shadow

Layover

Fig. 6. Workflow for the calculation of the sensitivity index. The process is repeated for the two orbital directions, ascending and descending, and the extremes of the
incidence angle (Omin,Omax)- Result is a single value, the sensitivity index, the lower bound of the detectability of displacement in the radar signal. No radar imagery is

required, only a digital elevation model and four orbit parameters.

—1 p
q
VU @A)+ )\ p 4 g

(6)

If slope and aspect are already available, as in Google Earth Engine, the
downslope vector may be constructed from them. With aspect a and
slope p, the downslope vector is calculated as,

sinacosf
t = | cosacosp | . 7
—sing

Radar geometry. First, the effective heading of the satellite is esti-
mated. The heading of the ascending orbit is approximated for latitude ¢
by Capderou (2005) as

cosi —
=)
\/cos¢p — cos?i

with i the satellite inclination and x the mean motion, the number of
revolutions per day. The effect of meridian convergence within the radar
image is neglected. The heading of the descending orbit is 180° —y'(¢).

Similar to the downslope vector t, the vector for the satellite line-of-
sight is constructed. The vector, r, points upward, from the Earth surface
to the satellite. With satellite heading y', positive clockwise from the
north, and 6, the incidence angle from the vertical,

coszd)
K

y' (¢) ~ arctan (8)

—cosy’(zp)sin@
r=| siny (¢)sind |. €)]
cosf

Shadow and layover. The shadow and layover as derived from the
apparent slope, shown in Figs. 4 and 3, represent only local effects,
generated by the slope itself. However, as shown in Fig. 1, steep
mountain slopes may affect larger regions on and at the foot of the slope.
Following Cigna et al. (2013),Plank et al. (2012) and Cigna et al. (2012),
we used a GIS-based shadow algorithm.

For the shadow estimation, the sun parameters are replaced with the
satellite viewing geometry, y +-90° from north and the maximum inci-
dence angle (0,,.x). For the layover estimate, the satellite is placed in
opposite direction of y' —90°, at the minimum incidence angle (Opin)
from the horizontal. However, layover does not only affect the layover-
inducing slope, but also areas above and below the slope, as shown in
Fig. 1. This requires an extension to the shadow algorithm, where both
the layover-inducing DEM-pixel as well as the DEM-pixel affected by the
layover are marked.

For each DEM-pixel the line-of-sight to the radar is probed, until
either obstructing topography is encounterd, or the maximum elevation
in the tile is exceeded. If no obstructing topography is found, there is an
unobstructed line-of-sight to the satellite.

Sensitivity index. The sensitivity index is, by definition, the projection
of downslope deformation direction on the line-of-sight of the radar
system (Chang et al., 2018):

s=|tr|, (10$)

with downslope unit vector (t) from Eq. (6) or (7), and the line-of-sight
unit vector (r) from Eq. (9). Where shadow or layover prevent radar
measurements, the sensitivity index is set to zero.

Algebraic expressions exist for the two descriptions of the surface
geometry. For the gradient method by Horn (1981), the sensitivity index
is a combination of Egs. (6), (9), and

(P* + ¢*)cos(0)+
— s(y +
( pc?ﬁ(yl () )Sin )
_ gsin(y (#))
with satellite effective heading y (¢) and incidence angle 6. Likewise, if

the slope (#) and aspect (a) are known instead of the gradients, a com-
bination of Egs. (7), (9) and (10) leads to:

s(a, B,0,¢) = |sin(p)cos(6) + sin()sin(a — y/ (¢))cos(B) |- (12)

5(p,q,0,9) 1)

The results are shown in Fig. 7 (a, b, d, e).

Orbit aggregation. The sensitivity index requires the exact incidence
angle, see Eq. (9), that follows from actual InSAR data processing which
is not available in the planning phase. Therefore, to include the un-
known incidence angle in the planning, we conservatively use the
minimum sensitivity from the two extremes of the incidence angle (Opin,

Omax)- The lowest sensitivity index found is a lower bound of the index
for that slope, and can be quantified without knowledge of the exact
orbits. This procedure is shown in Fig. 7 (a, f, g), and the final result is
illustrated in 3D in Fig. 8.

For both the ascending and descending orbit, the minimum sensi-
tivity index is taken, i.e.,

Sasc = min(SSmm » SOmax ) a3

Likewise, sy is calculated. The highest sensitivity index (s) of either
ascending or descending orbit is the principal reporting parameter in the
planning stage, when data from both ascending and descending orbit is
expected to be available:

SZMAX (Sases Sdsc ) - (14

Landslide velocity. The sensitivity index is defined as the projection of
the downslope displacement unit vector onto the line-of-sight, and is a
scale factor for the downslope displacement to the change in the line-of-
sight range as observed by InSAR. For example, under the assumption of
only downslope deformation, the downslope average velocity, Viownsiope»
is the line-of-sight average velocity, v, os, scaled by the sensitivity index,
S,

"Lﬁ‘ 15)
N

Vdownslope =
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Sensitivity (s) as function of slope (B8) and aspect (a)

a) ascending, Omin b) asc., Bmax

y N y N

v

\\
b

0.0 . 0.4

0.6
Sensitivity (s)

d) descending, Bmin

e) dsc., Omax

c) asc., min(Se,;.» Somay)
y N

Fig. 7. The line-of-sight range sensitivity is expressed as a function of satellite and terrain parameters for latitude ¢ ~ +46°. The sensitivity is taken as the minimum
sensitivity for the minimum and maximum incidence angle in order to provide conservative estimates. The effects of shadow and layover, as shown in Fig. 4, are
resolved at DEM-pixel scale, therefore only the effects listed under (b) of Fig. 1 are resolved. Note that graph is based on an artificial, radial slope, as illustrated in
Figs. 2 and 8, and does not represent a natural slope distribution. In practice, very steep slopes (>45°) are rare, and comprise less than 1% of the slopes > 5° in the

Copernicus DEM.

Combined sensitivity (s) of ascending and descending orbits

45° 45° 45° £ 45° 5
5° 5° 5° 5°

0.0 0.2 0.4

0.6 0.8 1.0

Sensitivity (s)

Fig. 8. A 3D interpretation of the results from Fig. 7. This image shows more clearly how shadow and layover affect only very steep slopes. Displacements along these
slopes, as well as south facing, low relief slopes are less likely to be detectable. The ascending and descending orbit directions are shown in black at the bottom.

Likewise, via standard error propagation, the upper bound of the stan-
dard deviation may be found. In the case of a linear, average line-of-sight
velocity:

o-"LOS
Ogoungiope — P mm / yr, (16)

with s and the expected standard deviation of the linear line-of-sight
velocity oy, When the lower bound of the sensitivity index, as fol-
lows from Eq. (13), is used, Egs. (15) and (16) provide estimates for their
maximum values.

Computational efficiency. Computation of the sensitivity index for all
26 223 Copernicus DEM tiles required 13 hours on an Intel Xeon W-2123
(4 cores, 8 threads, 3.6 GHz) with 32 GB RAM and network storage. The
sensitivity index was processed in Python (van Rossum, 2008) using
Rasterio (Gillies et al., 2013), GeoPandas (Jordahl et al., 2020), GDAL
(GDAL/OGR contributors, 2020), NumPy (Harris et al., 2020), and

accelerated by Numba (Lam et al., 2015). Figures were generated using
Matplotlib (Hunter, 2007). Thanks to the algebraic expressions, Egs.
(11) and (12), calculation of the sensitivity index for four cases
(ascending/descending, Omin/0max) is a trivial operation. However, the
estimation of shadow and layover effects is more involved.

Our simple, iterative algorithm to compute the sensitivity index does
not require cluster computing and is suitable for desktop computers due
to its low memory footprint, that allows for parallel processing of mul-
tiple tiles. Moreover, the theoretical efficiency of #'(n) is not indicative
of the actual performance per tile. As flat areas are ignored, tiles over
river deltas require very little computations. Tiles with large height
differences are the most computationally intensive, as they require most
iterations to resolve shadow and layover.
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3.2. Detection potential algorithm

The estimation of the detection potential is an extension to the
sensitivity index estimation, but now including a preliminary analysis of
the available radar imagery. Moreover, the procedure, illustrated in
Fig. 9, is implemented differently from the sensitivity index to match the
structure of Google Earth Engine. In this structure, the algorithm is
stored and evaluated in Google’s data centers, where a ‘multi-petabyte
data catalog’ and ‘high-performance computing’ facilities are co-located
(Gorelick et al., 2017). Only once a portion of the map is requested, will
the algorithm be evaluated for the region shown. The technology has
proven to enable global analysis of decadal time series (Donchyts et al.,
2016; Hansen and Loveland, 2012).

Google Earth Engine has an archive of Sentinel-1 GRD amplitude
imagery available for processing. The availability of Sentinel-1 acqui-
sitions enables us to use the actual incidence angle (6) to estimate the
sensitivity index, rather than estimate the lower bound based on the
theoretical range of the incidence angle. Unfortunately, the satellite
heading (y') is not provided in or with the radar imagery, and is esti-
mated by Eq. (8).

The Copernicus DEM was not available in Google Earth Engine at the
time of writing. Instead, SRTM (Farr et al., 2007) is available, and is
supplemented with ALOS DEM (Japan Aerospace Exploration Agency,
2019; Tadono et al., 2014) for higher latitudes. Predefined methods are
available for the estimation of the surface geometry parameters, slope
(#) and aspect (a) (Google, 2021a). Due to computational limitations, a
global analysis, such as with the global sensitivity index, is impossible.

Shadow and layover are approximated with a shadow model that
takes single values for heading and incidence angle. This shadow model
cannot be adapted to the incidence angle at DEM-pixel level, and a
conservative value is taken instead. Furthermore, the shadow model is
unable to detect layover in the region indicated by the asterisk in Fig. 1.
On steep Alpine slopes, 6% of the pixels affected by layover stays un-
detected. However, this is just 0.02% of the total area of Alpine SRTM
tile N47E011, that was tested as a sample.

Normalized amplitude dispersion. The normalized amplitude disper-
sion is defined as the ratio between the standard deviation of the
amplitude, 0,4, and the mean amplitude, 4,, of a stack of radar images
(Ferretti et al., 2001), applied on linear amplitude values:

DAia—A. 17)
Ha

The normalized amplitude dispersion is a popular method for the initial
selection of potentially coherent scatterers, as a low normalized ampli-
tude dispersion is an indicator of high phase coherence (Ferretti et al.,
2001). Thresholds for D4 vary, depending on the application, between
0.25 and 0.6 (van Leijen, 2014; Hooper, 2008).

In Google Earth Engine only Ground Range Detected (GRD) imagery
is available, that is a multi-looked (spatially averaged) amplitude de-
rivative of the complex radar imagery (Google, 2021b). The use of the
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normalized amplitude dispersion on this type of imagery is unconven-
tional, but is possible due to the radiometric consistency between the
two products (Schubert and Small, 2016). However, as the multi-looking
has a dampening effect on the amplitude dispersion, an area specific user
interpretation of the normalized amplitude dispersion is recommended.

Polarity. Given the radar geometry for a specific orbit provided by
Google Earth Engine, the effect of downslope displacement on the line-
of-sight range may be estimated. The polarity (sgn(t-r) € { —=1,0, +1})
indicates if downslope displacement is expected to shorten or lengthen
the line-of-sight range. Together with the sensitivity index, the polarity
enables preliminary estimates of the InSAR signal to be expected, based
on prior knowledge of the specific slope. Moreover, spatial variability in
the line-of-sight deformation direction could be misinterpreted for
noise, but are not unlikely in mountainous topography.

User interface. In the Google Earth Engine tool, the detection poten-
tial is presented to the user as a filtered sensitivity index: the sensitivity
index is shown whenever the normalized amplitude dispersion is below
a threshold of 0.4. The application leaves three variables for the user to
decide: (i) the orbit to analyze; (ii) the time span to analyze and (iii) the
region of interest. First two parameters are offered to the user as selec-
tion boxes. The third is provided implicitly by moving around the map.
Section 4.2 includes a demonstration of the application and associated
user interface.

4. Global sensitivity index statistics and detection potential
application

This study is accompanied by two tools: (i) the first global sensitivity
index for landslide deformation detection by InSAR, and (ii) a Google
Earth Engine tool for local analysis of the sensitivity index and detection
potential. Both results are freely available to future users, either as data
product, or as application and algorithm.

4.1. Global sensitivity index

The global sensitivity index, illustrated in Fig. 10, is available for
download. Potential applications include combinations with regional
landslide inventories or susceptibility maps, for example for monitoring
planning. Tiling is equal to the tiling of the Copernicus DEM, and con-
sists of 26 223 tiles of 1° x 1°. Each tile consists of three layers: sg5c; Sdsc
and s. The data is distributed as GeoTIFF, and is compatible with most
common GIS software packages.

Sensitivity index values are stored as 16 bit floats, with a variable
longitude resolution, matching the variation of the Copernicus DEM.
Flat regions, including water, as well as gaps in the data are marked as
no data. The global tile set is only 330 GiB in size, with individual tiles
ranging between 50 kiB and 90 MiB. Moreover, the associated algorithm
is available.

The global sensitivity index and Python code are available for
download via doi:10.4121/14095777, Natijne et al. (2021).

Apply to each available orbit

Elevation Geometry |B>2°| Sensitivity
(DEM) > T [T index(s) —¢
Shadow Detection >
Layover potential User (map)
Image archive >N. Ampl. Disp] D, <0.4
(Sentinel-1) (D)

Fig. 9. InSAR detection potential is defined as the product of the sensitivity index, shadow and layover, as well as scattering characteristics estimated from imagery.
The application of InSAR is only feasible in the presence of unobstructed scattering surfaces on slopes with a sufficient sensitivity index for the expected land-

slide velocity.
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Fig. 10. Global sensitivity index and an excerpt over the Inn valley, around Innsbruck, Austria. Shown is the combined sensitivity index, the highest sensitivity from
the conservative, lower-bound, estimates of the sensitivity index for the ascending and descending orbits. The index is available globally, at around 30 m resolution.

(Background: Copernicus DEM and OpenStreetMap coastlines).

4.2. Sensitivity index and detection potential in Google Earth Engine

The Google Earth Engine tool allows the user for a more detailed
study of in the sensitivity index and detection potential in their area of
interest. At a regional level, the sensitivity index is shown (Fig. 12).
Locally, the application will search the Google Earth Engine archives for
available Sentinel-1 imagery in the desired time frame and offer the user
a sensitivity index tailored to an orbit of choice. Furthermore, at slope
level, the detection potential indicator can be used to highlight the
sensitivity index for potential coherent scatterers.

The Vogelsberg slope, near Innsbruck, Austria, is affected by a deep-
seated landslide (Zieher et al., 2019; Pfeiffer et al., 2021). The steep
valley shape as well as the various orientations of the surrounding slopes
make it a complex setting for the application of InSAR analysis. Fig. 13,
for example, shows the spatial variability in the effect of downslope
displacement on the line-of-sight range. Fig. 14 shows the sensitivity
index, and detection potential indicator for the region around the slope,
as well as the detection potential indicator on the slope scale. Contrary
to Fig. 12, that showed the lower bound of the sensitivity index, the
sensitivity index in Fig. 14 is calculated based on the specific orbit

1e6 Ascending orbit
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o v o w
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o
wn
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1.0 0.0 0.2 0.4
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parameters.

Using the Google Earth Engine tool, the user may explore the prop-
erties of the different orbits available. On the Vogelsberg landslide,
where ground truth velocity estimates are available, not only the sign,
but also the approximate magnitude of the average line-of-sight velocity
is available via the sensitivity index (Eq. (15)). The various layers show
not only the sensitivity index, but also the number of images available in
each time frame and orbit. Especially with some prior knowledge of the
landslide deformation pattern, the orbit with suitable coverage of the
expected displacement can be found.

The Google Earth Engine tool is available on: https://avannatijne.use
rs.earthengine.app/view/landslide-insar.

5. Results of the global sensitivity index

A statistical analysis of the global sensitivity index is shown in
Fig. 11. These numbers are aggregated statistics of all slopes in the
Copernicus DEM, corrected for the reduced DEM-pixel size towards the
poles. Notti et al., 2014 suggested that, as rule of thumb, landslides with
a sensitivity index greater than 0.2 allow for deformation monitoring by

Combined

CDF s

1.0 0.0 0.2 0.4 0.6 0.8 1.0 '
Lower bound of s

0.6 0.8
Lower bound of s

Fig. 11. Histograms of computed global sensitivity index values, for both ascending and descending orbits, as well as the highest sensitivity index from either orbit.
Included are all slopes mapped by the Copernicus DEM, steeper than 5°. Areas invisible due to layover or shadow are marked as O sensitivity. The cumulative
distribution function of the absolute value of the lower bound of sensitivity, is given in black.
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Fig. 12. Example of the sensitivity index, as generated in Google Earth Engine, for part of the Inn valley, around Innsbruck and Wattens, Tirol, Austria. The valley is
flat, at a slope of less than 5°, and reveals the underlying map. Small patches in the north-west, marked ‘S’ in the image, are shown as dark blue, indicating no
sensitivity to deformation due to either shadow, layover or a combination of both. The south-east facing slopes on the northern side of the Inn valley, ‘A’, suffer from
poor sensitivity. Therefore, only strong displacement signals will be detectable here, if at all. Side valleys in the south-east, of the image, at ‘B’, show more gradual
topography and typically high sensitivity. As the highest sensitivity index value of either the ascending or descending orbit is reported, both east and west facing
slopes are marked visible in this image. Note that the sensitivity index is higher on slopes facing north than on south-facing slopes. (Map: Google Earth Engine).
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Fig. 13. Example of polarity product in Google Earth Engine. The area, marked by the red rectangle, is the Grofvolderberg, near Innsbruck, Tirol, Austria. This slope
shows how, even in a small area, downslope deformation will be represented by a mix of lengthening ( + 1) and shortening (—1) in the InSAR data. Prior knowledge
of the polarity will aid the interpretation of the InSAR signal, that may appear noisy due to frequent sign changes within slopes. (Map: Google Earth Engine).

InSAR. Based on this threshold, the global sensitivity index shows that
displacement of at least 91% of the world’s slopes would be observable
by InSAR. If only a single orbit is available at a given location, either
ascending or descending, 64% of the slopes is within this criterion. Our
results for the individual orbit directions are in line with Novellino et al.
(2017), who concluded that 67.2% of Great-Britain could be observed in
an ascending orbit and 67.5% in a descending orbit.

6. Discussion

Various assumptions underpin our proposed methodology, allowing
us to evaluate the sensitivity index globally and integrate the detection
potential in Google Earth Engine as products that do not require expert
knowledge and experience to operate.

Landslide behaviour. In the absence of information on the landslide
type, in this study, a principal assumption is that landslides undergo
downslope displacement only (Bianchini et al., 2013; Singleton et al.,
2014). Although most landslide types undergo at least some form of
downslope deformation, different parts of the landslide may move in
different directions, such as uplift at the toe of a rotational landslide, or
thinning at the scar of translational slides (Frattini et al., 2018). Schlogel
et al. (2015) even suggest that vertical deformation signals, due to
subsidence at the scarp and accumulation at the toe, are stronger than
downslope deformation. Furthermore, basal sliding will follow the slope
of the slip surface rather than the surface topography (Massey et al.,
2013). If the landslide type is known, and a specific deformation pattern
is expected, the sensitivity index can be adapted to include deformation

in any direction (e.g. in case of subsidence:r =[0 0 —1]").

Radar geometry. Thanks to the Copernicus program, there is and will
be an abundant availability of Sentinel-1 imagery. Therefore, the focus
of this paper in on Sentinel-1 data. However, there is no full coverage of
the Earth with both ascending and descending orbits (Copernicus Space
Component Mission Management Team, 2019). As a consequence, the
global sensitivity index may overestimate the sensitivity index in areas
covered by only a single orbital direction.

The methodology could just as well be applied to any other satellite
or satellite constellation. This method is already effective with knowl-
edge of only three to four acquisition parameters: extremes of the inci-
dence angle: O, Omax; satellite orbit parameters: inclination i and mean
motion « in revolutions per day. For TerraSAR-X, for example: 6, =
20°, Omax = 45°, 1=97.44° and k= 15.1914 (Airbus Defence and
Space, 2015).

Time series. All images are assumed to be usable for time series
analysis. In practice, images might be missing or unusable due to
anomalies (e.g. long baselines) or seasonal effects (e.g. snow cover).
Long periods without observation may trigger unwrapping errors as well
as increase the minimum significant detectable landslide velocity.
Furthermore, significant changes in scattering characteristics will spoil
the coherence of the scatterers fundamental to InSAR. Snow and
flooding alter scattering characteristics temporarily and potentially
permanently, leading to the loss of the time series.

The maximum landslide deformation resolvable from interfero-
metric phase differences is limited by the wavelength as well as the
gradient between neighbouring observations in space and time. Under
ideal circumstances, without noise, this so-called unwrapping limit for
independent observations is a quarter of the wavelength 4 of the radar
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Fig. 14. Three maps over the Inn valley, as generated by our Google Earth Engine tool. Coverage for the top two images is identical to Fig. 12: the Inn valley around
Innsbruck and Wattens, Tirol, Austria. Top: the sensitivity index, with the radar geometry specific for ascending orbit 117 of Sentinel-1. Very few areas are invisible to
the radar (dark blue). Flat areas, such as the Inn valley, where the slope is less than 5°, are transparent and show the underlying map. Center: The sensitivity index,
masked by the detection potential, shows the sensitivity where the normalized amplitude dispersion is not greater than 0.4. Except for the high mountain ridges, the
lower part of the slopes show patches of potential coherent scatterers, and are more likely to have a successful application of InSAR. Bottom: An excerpt of the
previous map, marked by the red rectangle. This map shows the sensitivity index, again masked by the detection potential: a normalized amplitude dispersion not
greater than 0.4. The map shows a high likelihood of finding coherent scatterers on/around the houses, while for fields an actual InSAR data processing procedure
would be required to assess the actual coherence level. Forest pixels are unlikely candidates, but have a sufficiently low normalized amplitude dispersion due to their

consistent, low amplitude. (Map: Google Earth Engine).

system: :t%‘. However, this assumption is too rigorous. First, especially on
slopes with a low sensitivity s, the effective limit on deformation will be
much larger: +£. Second, neighbouring observations on the landslide,
that underwent less deformation since the last acquisition, may provide
a spatial gradient of resolvable differences. Finally, under the assump-
tion of downslope deformation only, the unwrapping limit may be
expanded to half the wavelength: £.

7. Conclusions

Analysis of our global sensitivity index indicated that at least 91% of
the global slopes are likely to allow for InSAR deformation monitoring
with Sentinel-1. The Google Earth Engine tool provides an initial, local
analysis of the available radar imagery, and highlights areas with
potentially favourable scattering characteristics. Together, the sensi-
tivity index and detection potential indicator provide an a priori indi-
cator of the likelihood of success of InSAR campaigns. Therefore, they
are valuable tools in the planning phase of an InSAR campaign, where

10

the Google Earth Engine tool accelerates the initial site survey and orbit
selection process, while the global sensitivity index extends landslide
inventories, hazard or susceptibility maps with an indication of the
InSAR monitoring potential. The methodology presented is easily
extended to other satellite constellations and/or deformation patterns.

The global sensitivity index is available for download via doi:10.41
21/14095777, the Google Earth Engine tool is available on
https://avannatijne.users.earthengine.
app/view/landslide-insar. Underlying code is available with
their products.
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