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Abstract

Vast areas of the Arctic host ice-rich permafrost, which is becoming increasingly vulnerable
to thaw in a warming climate. Among the most rapid and dramatic changes are retrogres-
sive thaw slumps (RTS). They initiate when ice-rich soils are exposed and thaw, leading
to the formation of a steep headwall which retreats during the summer months. This pro-
cess can mobilizes vast quantities of sediments on a time-scale of years and contributes to
the permafrost-carbon feedback. With recent climate warming, an increase in the num-
ber and sizes of RTSs in permafrost regions has been found. However, the rates of RTS
development in terms of their magnitude, distribution and controls, especially regarding dif-
ferences between Arctic regions remain poorly constrained and so is their contribution to
the permafrost-carbon feedback and their future evolution.
Large-scale RTS studies mainly investigate them by measuring the two-dimensional change
based on image time-series. The main limitation in this approach is that no information
about the associated volumetric change and thus the amount of mobilized soil can be ob-
tained. This thesis contributes to addressing this issue by using digital elevation model
(DEM) di�erences to assess and investigate RTSs. By di�erencing DEMs generated at dif-
ferent times, the volumetric change can be quanti�ed and used as an indicator for RTS
activity. At the core of this work are single-pass InSAR observations obtained from the
TanDEM-X satellite pair, which have been acquiring data since 2010 and from which high
resolution DEMs can be generated. Observations of TanDEM-X cover the pan-Arctic land-
scape multiple times and can be used to map and investigate RTSs on large scales.
In a �rst part I generated DEM di�erence images to develop an algorithm to detect active
RTSs and investigate the most dominant error sources. TanDEM-X derived DEMs have a
spatial resolution of about 10 m and, depending on the ground conditions, vertical resolu-
tions of about 1 to 2 meters. RTSs with small headwall heights and low retreat rates are on
the order or below the resolution limit and I focused on detecting as many RTSs as possible,
taking into account the ratio of true to false detections. I found that wet late-lying snow-
packs and vegetation induces sizeable errors and I removed observation outside the winter
season from the analysis. During winter, waterbodies are the most dominant error source
with which I dealt with by generating waterbody masks from optical remote sensing data.
On the masked DEM di�erence images I then detect signi�cant elevation changes in two
contrasting study sites regarding topography, vegetation characteristics and RTS properties.
I found a good performance of the algorithm with a positive predictive value of 73% and 26%
of missed RTSs when compared to an optical RTS mapping study. The developed algorithm
can be applied on other Arctic regions to extract RTS locations which can be used as a
starting point to extract important slump properties, like the volumetric change.
In a second part I processed TanDEM-X data for several study sites across the Arctic and
mapped a total of 1853 RTSs. The available observations allowed to obtained RTSs proper-
ties like the area and volumetric change rates over a 5-year time-period from winter 2011/12
to winter 2016/17. I analysed this dataset in a novel approach motivated by landslide studies
in temperate climate zones. This entailed obtaining di�erent scaling laws like the probability
density distributions and the area-to-volume scaling as well as an investigation of di�erent
terrain controls like slope, aspect and adjacency to waterbodies. I could show that the distri-
butions of RTS area and volumetric change rates follow indeed the scaling laws known from
landslides studies and that the area-to-volume scaling was well described by a power law
with an exponent of 1.15 across all study sites. Comparing the individual study sites I found
di�erences in the mobilized volumes, the exact form of the scaling laws as well as in the
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terrain controls. Accounting for these di�erences can enhance the modelling and monitoring
of Arctic carbon, nutrient and sediment cycles.
In the last part I focused on a single study site, the Taymyr Peninsula, in northern Siberia.
The newly taken TanDEM-X observation in 2017/18 and 2020/21 allowed to investigate a
second time-period, in addition to the time period from 2011/12 to 2016/17. To assess the
importance of RTS activity to the permafrost-carbon feedback, I developed a model to esti-
mate the amount of mobilized carbon. I found a strong increase in RTS activity between the
two time-periods indicated by an approximately 43-fold increase in the volumetric change
rates and concomitant 28-fold increase in carbon mobilization. By additionally using annual
Sentinel-2 imagery I could show that the number of detected RTSs in a subregion increased
10-fold in 2020, concurrent with a severe heatwave that occurred in northern Siberia at that
time. The area-to-volume scaling showed only small variations despite this strong initiation
event, whereas the probability density functions shifted towards larger values. The com-
parison to an independent estimate of the Net Ecosystem Exchange showed that carbon
mobilization due to RTS activity is an important contributor to the Arctic carbon cycle,
which responds non-linearly to warming. These results highlights the sensitivity of upland
landscapes underlain by cold ice-rich permafrost to increasing temperatures. Regular mon-
itoring and the inclusion of models estimating the impact of future RTS activity in Earth
system models is highly desirable.
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Kurzfassung

Weite Gebiete der Arktis beherbergen eisreichen Permafrost, der in einem sich erw•armenden
Klima zunehmend auftaut. Zu den schnellsten und dramatischsten Ver•anderungen geh•oren
sogenannte "Retrogressive Thaw Slumps" (RTS). Sie entstehen, wenn eisreiche, steile H•ange
auftauen, was zur Bildung einer steilen Wand f•uhrt, welche sich in den Sommermonaten
zur•uckzieht. Dieser Prozess kann •uber Jahre hinweg gro�e Mengen an Sedimenten freile-
gen und dadurch zu einer Mobilisierung von vorher im Permafrost gefrorenem Kohlensto�
f•uhren. Im Zuge der j•ungsten Klimaerw•armung wurde eine Zunahme der Anzahl und Gr•o�e
von RTSs in Permafrostregionen festgestellt. Die Geschwindigkeit der RTS-Entwicklung in
Bezug auf ihre Gr•o�e, Verteilung und kontrollierenden Faktoren, insbesondere hinsichtlich
der Unterschiede zwischen den arktischen Regionen, ist jedoch nur unzureichend erforscht,
ebenso wie ihr Beitrag zum Permafrost-Kohlensto� Feedback.
Grossangelegte Studien untersuchen RTSs haupts•achlich durch Messung der zweidimension-
alen Ver•anderungen auf der Grundlage von optischen Bild-Zeitreihen. Die gr•osste Ein-
schr•ankung dieses Ansatzes besteht darin, dass keine Informationen •uber die damit verbun-
dene volumetrische Ver•anderung und damit •uber die Menge des mobilisierten Kohlensto�es
gewonnen werden k•onnen. Die vorliegende Arbeit tr•agt zur L•osung dieses Problems bei,
indem sie digitale H•ohenmodelldi�erenzen zur Untersuchung von RTSs einsetzt. Durch die
Di�erenzierung von H•ohenmodellen, die zu unterschiedlichen Zeitpunkten generiert werden,
kann die volumetrische Ver•anderung quanti�ziert und als Indikator f•ur RTS-Aktivit•at ver-
wendet werden. Im Mittelpunkt dieser Arbeit stehen Single-Pass-InSAR-Beobachtungen des
Satellitenpaares TanDEM-X, welches seit 2010 Daten erfassen und aus denen hochau
•osende
H•ohenmodelle erstellt werden k•onnen. Die Beobachtungen von TanDEM-X decken die
gesamte arktische Landschaft mehrfach ab und k•onnen so zur Kartierung und Untersuchung
von RTSs auf gro�en Skalen verwendet werden.
In einem ersten Teil habe ich H•ohenmodellen-Di�erenzbilder erzeugt und darauf basierend
einen Algorithmus zur Erkennung von aktiven RTSs entwickelt. Dabei habe ich die dominan-
testen Fehlerquellen untersucht. Die aus TanDEM-X abgeleiteten H•ohenmodelle haben eine
r•aumliche Au
•osung von etwa 10 m und je nach Bodenverh•altnissen eine vertikale Au
•osung
von etwa 1 bis 2 m. RTSs mit geringen Wandh•ohen und geringen R•uckzugsraten liegen in der
Gr•o�enordnung oder unterhalb der Au
•osungsgrenze. Ich habe mich darauf konzentriert, so
viele RTSs wie m•oglich zu erkennen, wobei ich das Verh•altnis von richtigen zu falschen Detek-
tionen ber•ucksichtigt habe. Ich habe festgestellt, dass nasse Schneedecken und Vegetation im
Fr•uhling und Sommer zu erheblichen Fehlern f•uhren k•onnen und daher Beobachtungen au�er-
halb der Wintersaison aus der Analyse entfernt. Im Winter sind Gew•asser die dominierende
Fehlerquelle, die ich durch die Erstellung von Wassermasken aus optischen Fernerkundungs-
daten maskiert habe. Auf den maskierten H•ohenmodell-Di�erenzbildern detektierte ich dann
signi�kante H•ohenunterschiede in zwei unterschiedlichen Untersuchungsgebieten hinsichtlich
der Topogra�e, den Vegetationsmerkmalen und RTS-Eigenschaften. Der verwendete Algo-
rithmus hatte einen guten Vorhersagewert von 73%. Beim Verlgeich mit einer optischen
RTS-Kartierungsstudie wurden jedoch 26% der aktiven RTSs nicht detektiert. Der entwick-
elte Algorithmus kann auf andere arktische Regionen angewandt werden um RTS-Standorte
zu extrahieren, die dann als Ausgangspunkt f•ur die Extraktion wichtiger RTS-Eigenschaften,
wie z. B. die volumetrische Ver•anderung, verwendet werden k•onnen.
In einem zweiten Teil verarbeitete ich TanDEM-X-Daten •uber mehrere Studiengebiete in der
Arktis und kartierte insgesamt 1853 RTSs. Die verf•ugbaren Beobachtungen erm•oglichten es,
RTS-Eigenschaften wie die Fl•achen- und die Volumen•anderungsraten •uber einen 5-Jahres-
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Zeitraum vom Winter 2011/12 bis Winter 2016/17 zu bestimmen. Ich analysierte diesen
Datensatz mit einem neuen Ansatz, der sich an Studien •uber Erdrutsche in gem•a�igten
Klimazonen orientiert. Dazu wurden verschiedene Skalierungsgesetze wie die Wahrschein-
lichkeitsdichteverteilung und die Skalierung von Fl•ache zu Volumen, sowie eine Untersuchung
verschiedener Gel•andemerkmale wie Neigung, Ausrichtung und N•ahe zu Gew•assern durch-
gef•uhrt. Ich konnte zeigen, dass die Verteilungen der Fl•achen- und Volumen•anderungsraten
tats•achlich den aus Studien •uber Erdrutsche bekannten Skalierungsgesetzen folgten und dass
die Skalierung von Fl•ache zu Volumen durch ein Potenzgesetz mit einem Exponenten von 1,15
f•ur alle Untersuchungsgebiete gut beschrieben werden konnte. Beim Vergleich der einzelnen
Untersuchungsgebiete stellte ich Unterschiede in den mobilisierten Volumina, der genauen
Form der Skalierungsgesetze sowie in den Gel•andemerkmalen fest. Die Ber•ucksichtigung
dieser Unterschiede kann die Modellierung und•Uberwachung der arktischen Kohlensto�-,
N•ahrsto�- und Sedimentkreisl•aufe verbessern.
Im letzten Teil habe ich mich auf ein einziges Untersuchungsgebiet, die Taymyr-Halbinsel
in Nordsibirien, konzentriert. Die neu aufgenommenen TanDEM-X-Beobachtungen in den
Jahren 2017/18 und 2020/21 erm•oglichten die Untersuchung eines zweiten Zeitraums, zu-
s•atzlich zum Zeitraum von 2011/12 bis 2016/17. Um die Bedeutung der RTS-Aktivit•at
f•ur die Kohlensto�r•uckkopplung im Permafrost zu analysieren, habe ich ein Modell zur
Absch•atzung der mobilisierten Kohlensto�menge entwickelt. Ich stellten eine starke Zu-
nahme der RTS-Aktivit•at zwischen den beiden Zeitr•aumen fest, was sich in einer etwa
43-fachen Zunahme der volumetrischen•Anderungsrate und einer gleichzeitig 28-fachen Zu-
nahme der Kohlensto�mobilisierung zeigte. Durch die zus•atzliche Verwendung j•ahrlicher,
optischer Sentinel-2-Aufnahmen in einem Teil des Studiengebietes konnte ich zeigen, dass
die Zahl der enstandenen RTSs im Jahr 2020 um das Zehnfache anstieg. Dies f•allt mit einer
starken Hitzewelle, die zu dieser Zeit in Nordsibirien auftrat, zusammen. Die Skalierung von
Fl•ache zu Volumen zeigte trotz dieses starken Ausl•oseereignisses nur geringe Schwankun-
gen, w•ahrend sich jedoch die Wahrscheinlichkeitsdichtefunktionen zu gr•o�eren Werten hin
verschoben. Der Vergleich mit einer unabh•angigen Sch•atzung des Kohlensto�-•Okosystem-
Austausches zeigte, dass die Kohlensto�mobilisierung aufgrund von RTS-Aktivit•aten einen
nicht zu vernachlissgen Beitrag zum arktischen Kohlensto�kreislauf darstellt, der nicht-linear
auf Erw•armung reagiert. Diese Ergebnisse verdeutlichen die Emp�ndlichkeit von eisreichem
Parmafrostgebieten gegen•uber steigenden Temperaturen. Eine regelm•a�ige•Uberwachung
und die Ber•ucksichtigung von zuk•unftigen RTS-Aktivit•aten in Erdsystemmodellen die den
zuk•unftigen Klimawandel vorhersagt, ist •ausserst w•unschenswert.
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Chapter 1

Introduction

One important component of the global climate system is permafrost, de�ned as ground
that remains frozen for more than two consecutive years. About 15% of the landmass in the
northern Hemisphere is underlain by permafrost corresponding to an area of about 14 million
km2 (Obu, 2021). Recent measurements of global temperatures show that the high latitudes
of the northern hemisphere are warming signi�cantly faster than in the mid-latitudes, a
phenomena known as Arctic ampli�cation (Serreze and Barry, 2011). This increase in tem-
perature and the associated changes in other climate variables lead to widespread permafrost
degradation which occurs through manifold processes and across diverse landscapes (Grosse
et al., 2011a; Kokelj and Jorgenson, 2013). In recent years many studies have shown that the
rate at which permafrost is thawing has signi�cantly increased (Philipp et al., 2021). This
is especially worrisome, considering the large amount of carbon stored in the soil. It is esti-
mated that the Arctic permafrost region stores about 1600 Pg of carbon (1:6� 1018 gC) with
approximately 1000 Pg of carbon in the uppermost 3 meters of soil (Hugelius et al., 2013).
As long as the carbon is frozen in the ground it is not part of the active carbon cycle, but due
to permafrost degradation this carbon can become vulnerable for mobilization and then be
released as greenhouse gases to the atmosphere due to microbial decomposition. This in turn
can further amplify warming, resulting in a positive feedback loop termed permafrost-carbon
feedback (Schuur et al., 2008; Strauss et al., 2017). The rates and magnitude and the o�set
due to other processes like Arctic greening are not well quanti�ed and makes the predictions
of the future impact of permafrost degradation to have large uncertainties (Schuur et al.,
2015; Abbott et al., 2016; Trofaier et al., 2017).
In the following sections I will give �rst an overview about di�erent types of permafrost
degradation with a special emphasis on retrogressive thaw slumps (RTSs), one land-surface
characteristic arising from rapid permafrost thaw. Then I will explain the available methods
that are used to investigate RTSs and review the current research state. Thirdly, I will de-
scribe how interferometric SAR observations can be used to create digital elevation models
that can then be employed for RTS surveys and lastly I will identify open questions that I
will try to answer and highlight the research objectives of this thesis.

1.1 Arctic permafrost degradation

A landscape covered by permafrost typically consist of two layers: On the top, a seasonally
thawing active layer is present with variable depths ranging from a few centimeters up to
several meters, depending on temperature, winter snow cover and topography, among others
(Dobi�nski, 2020). Below this layer the permafrost starts and can reach up to several hundred
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1.1. ARCTIC PERMAFROST DEGRADATION

meters in depths in the remote regions of Siberia, Russia (Melnikov and Drozdov, 2006). To
this simplistic model often additional layers are added, for example describing the transition
zone between the active layer and the permafrost, where ice enrichment due to the growth
of ice wedges can occur. Permafrost thaw can manifest itself either in a slow, but gradual
deepening of the active layer (press disturbances) or in a more rapid and local way (pulse
disturbances) (Grosse et al., 2011b; Kokelj and Jorgenson, 2013). Both forms of permafrost
degradation have major impacts on the surrounding landscape by changing ecosystems and
hydrological equilibria, and can also impact the Earth system on a global scale by reinforc-
ing climate change with the additional mobilization of organic carbon (Schuur et al., 2015).
Due to the diverse nature of permafrost landscapes, the responses and feedbacks induced by
these changes are manifold and depend on a complex interplay between atmospheric drivers,
vegetation, soil and its cryospheric composition (Callaghan et al., 2011; Schuur et al., 2015).
Press disturbances are large scale processes which lead to gradual changes over time and
include top-down thawing of permafrost and changes in vegetation types. To model press
disturbances and its future evolution, permafrost characteristics in combination with terrain
and soil properties on a landscape level have been incorporated in Earth System models
to conduct pan-Arctic analysis (Smith and Riseborough, 1996; Raynolds and Walker, 2008;
Grosse et al., 2011b; Pastick et al., 2015) Nevertheless, large uncertainties regarding timing
and magnitude as well as the balance between carbon sources and sinks remain (Koven et al.,
2013; Grosse et al., 2016; Opfergelt, 2020).
Pulse disturbances are more local and can evolve over short periods of time and include
many forms of land surface characteristics that arise when permafrost is thawing, termed
thermokarst. Thermokarst features are especially distinct in soils with high ground ice con-
tent, which applies to about 10% of the total permafrost area (Zhang et al., 2008). In
addition to the ground ice content, the processes of thermokarst development depends on
many variables including ground temperature, winter snow depth, vegetation type, active
layer thickness, surface and ground water conditions, soil type and topography. Due to a
wide variability in these quantities across the Arctic landscape, thermokarst can occur in very
diverse ways and can lead to positive and negative feedback e�ects (Kokelj and Jorgenson,
2013). Jorgenson (2013) identi�ed 22 di�erent thermokarst types which can be broadly cate-
gorized into three classes: Lake thermokarst, wetland thermokarst and hillslope thermokarst.
Recent studies of all types of thermokarst features show changes in their formation and evo-
lution across the Arctic landscape due to the recent warming (Kokelj and Jorgenson, 2013;
Jorgenson and Grosse, 2016). To understand the changes and predict the future development
with sophisticated models a detailed understanding of the governing processes including the
driving factors of their initiation and evolution is needed. Determining the nature and inten-
sity of thermokarst is thus a crucial preliminary step for an improved modelling of large-scale
carbon 
uxes, which is indispensable for the prediction of the impacts on a global scale. In
this thesis my focus is on a detailed investigation of one form of hillslope thermokarst, called
retrogressive thaw slumps.

1.1.1 Retrogressive Thaw Slumps

Retrogressive thaw slumps (RTS), also termed thermocirques or cryogenic landslides, are
one of the most dramatic and rapid forms of thermokarst and are characterized by a steep
headwall and a scare zone where the thawed material from the headwall is transported
downslope (Figure 1.1). They form after the thaw of ice-rich permafrost on hillslopes or blu�s
and evolve through mass wasting subsidence (Lewkowicz, 1987; Jorgenson et al., 2008). Their
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Figure 1.1: a) Schematic of the typical components of a RTS (black) and processes (blue).
During the summer the ice in the headwall melts and mobilized sediments are transported
though the scare zones into lakes and rivers. If the RTS stabilizes the scare zone re-vegetates
and can reinitiate at a later time. b) Aerial photograph of a RTS close to Inuvik (northern
Canada) with visible headwall and scar zone.

characteristics related to initiation, evolution and stabilization are manifold and depend on a
multiple of factors. To get a better understanding of RTSs we can �rst go through a typical
life cycle of an RTS. RTSs initiate through the exposure of ice-rich permafrost by the removal
of the protective active layer above. The reason for this can be manifold and depend on the
landscape settings and processes. Along coasts or rivers, mechanical erosion is the main
driver of RTS initiation (Burn and Lewkowicz, 1990; Kokelj et al., 2015). On hillslopes, high
summer temperatures and strong precipitation events can lead to active layer detachments
due to high pore water pressure resulting from low hydraulic conductivity (Jorgenson and
Osterkamp, 2005; Lewkowicz, 2007; Lamoureux and Lafreniere, 2009). After the active layer
is removed, a headwall develops which can reach up to several tens of meters in height (Kokelj
et al., 2015; Murton et al., 2017). Due to the dependency on speci�c initiation events as
well as on soil characteristics and topography, many RTSs occur in clusters (Jones et al.,
2019; Lewkowicz and Way, 2019). RTSs can grow where ground ice content and topographic
settings allow for a continued instability and removal of thawed soils (Burn and Lewkowicz,
1990; Lacelle et al., 2010; Kokelj and Jorgenson, 2013). During the summer, the ice in the
headwall melts and sediments get transported away, leading to a continuous backwasting of
the headwall. For a continued growth of the RTSs two conditions have to be ful�lled. First
the energy available to melt the ice in the headwall needs to be large enough such that mass
wasting can occur and secondly the sediments that accumulate at the base of the headwall
need to be transported downwards. The contributions and factors that determine the rate
of mass wasting and the transport of debris downstream are diverse and include ground ice
content, soil properties, slope, insulation, air temperature, precipitation and the intensity of
snow-melt (Kokelj et al., 2015; Lacelle et al., 2015; Zwieback et al., 2018). For large RTSs the
retreat rates of the headwall can reach tens of meters per year (Lantuit and Pollard, 2008).
If the conditions for the growth of the RTSs are not met, it starts to stabilize and the scare
zone can re-vegetate. After a new initiation event, for example due to strong precipitation
or high air temperatures, the slump can re-initiate leading to the polycyclic nature of RTSs
(Kokelj et al., 2009).

RTSs have been studied with a variety of approaches ranging from �eld studies to large-
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scale remote sensing methods. They occur mostly in remote and spatial extensive regions in
harsh environmental conditions, which makes remote sensing essential for investigations in
inaccessible areas and on a pan-Arctic scale. In the following chapter I will introduce di�erent
remote sensing methods that have been used for RTS studies and review the current state
of the remote sensing based RTS research.

1.2 Remote Sensing methods used for the investigation
of RTSs

RTSs are characterised by a headwall (length, height and retreat rate) and the size of the
scare zone where thawed material is transported downwards. RTSs sizes span a large range,
from small headwall heights of a few tens of centimeters up to large mega slumps with head-
wall heights of up to 40 meters (Kokelj et al., 2015; Murton et al., 2017). Their evolution,
induced by the melting of ice in the headwall and the subsequent retreat occurs on a variety
of temporal scales from less than a meter up to several tens of meters per summer (Lewkow-
icz, 1987; Lacelle et al., 2015). They can furthermore stay active for several decades and
occur across the pan-Arctic landscape (Lantz and Kokelj, 2008; Lantuit and Pollard, 2008;
Lacelle et al., 2010; Kokelj and Jorgenson, 2013). Capturing the large variability in the
characterising properties of RTSs is only possible by combining di�erent approaches ranging
from �eld studies of individual RTSs over a summer season to large scale remote sensing
studies over several decades. Field studies can give a detailed description of RTSs, but are
only possible for a small number of RTSs at easy to access locations (French, 1974; Lewkow-
icz, 1987; Burn, 2000; Leibman et al., 2014). To investigate RTSs on a pan-Arctic scale only
remote sensing methods are feasible.
In recent years many studies have used a variety of remote sensing data to map and inves-
tigate RTSs ranging from aerial photographs, laser scanning (LiDAR) and remote sensing
satellites in the optical and microwave spectrum. The most common approach is based on
change detection in two-dimensional images. Here image time-series are used to identify
exposed sediments and the accompanied vegetation changes due to the retreating headwall
and the transport of thawed material through the scare zone. Mostly images taken in the
optical and infrared are used, but also SAR observations have been employed. This approach
has the disadvantage that no information about the mobilized volume can be obtained. Here
a second approach can overcome this limitation. It is based on measuring the surface to-
pography and its change over time. Most commonly LiDAR measurements as well as the
photogrammetry method are used for the elevation model generation. In LiDAR measure-
ments light is emitted by a laser and the light travel time between the laser and scatterer
on the ground is measured to obtain a distance. By accurately knowing the sensor posi-
tion and the laser direction the ground elevation can be deduced (Wandinger, 2005). The
photogrammetry method utilizes triangulation by detecting the same object on the ground
in two images taken from di�erent perspectives (Schenk, 2005). A third method to obtain
digital elevation models utilizes SAR interferograms from which elevation models can be
generated. This third approach is at the core of this thesis and I will give a detailed expla-
nation in Section 1.3. Now I will �rst review how other remote sensing methods have been
used in RTS studies.
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1.2.1 Airborne observations

The most detailed and highest resolution remote sensing data can be obtained by taking
observations from airplanes, helicopters or unmanned aerial vehicles (UAVs). This includes
orthophotos, images for photogrammetry or LiDAR observations. Here spatial resolutions
well below 1 meter and high temporal resolutions with several observations per summer can
be archived.
Aerial photographs for parts of the Arctic reach back as far as 1950 and allow for the
reconstruction of historical trends (Burn and Friele, 1989). Lantz and Kokelj (2008), Lantuit
and Pollard (2008) and Lacelle et al. (2010) used historical aerial photographs to map RTSs
in the 1950s and the 1970s and compared them to more recent ones in the 2000s for study sites
in Northern Canada. All found an increase in RTS numbers over time. Similarly, Segal et al.
(2016) used historic aerial photos (1950-60) to asses RTS size, density, and growth rates
for several study sites in Northern Canada and found that all quantities increased when
compared to 2004. Nicu et al. (2021) mapped 400 RTSs from aerial images on Svalbard and
analysed for the �rst time the RTS area change rate probability density function and found
that it is similar to distributions of landslides in temperate climate zones. Mu et al. (2020)
used a combination of historical photographs, unmanned aerial vehicle (UAV) aerial images
and high resolution satellite images to study RTSs on the Tibetan Plateau and found a rapid
acceleration of RTS activity with climate warming.
A combination of orthophotos and DEMs generated by the photogrammetry method has
been used by Swanson (2012) and Swanson and Nolan (2018) to investigate RTSs in the
Noatak Valley, Alaska. They found that most RTSs grew at constant or declining rates. A
similar approach was taken by Van der Sluijs et al. (2018) and Turner et al. (2021) who used
UAVs to take aerial photographs for the DEM generation. With this approach they could
analyse daily to annual RTS dynamics and accurately quantify the eroded volume. LiDAR
measurements were also used to study RTSs (Barnhart and Crosby, 2013; Obu et al., 2017;
Ramage et al., 2017). Ramage et al. (2018) used this method to estimate for the �rst time
the carbon mobilization induced by RTSs based on the eroded volume for parts of the Yukon
Coast, Canada. A more regional analysis was done by Kokelj et al. (2021) in north-west
Canada were LiDAR measurements were used to quantify the eroded volume from over 200
RTSs to analyse the e�ects on the Arctic drainage networks.
The main limitation of airborne observations are the high costs and the limited accessibility
in remote regions leading to a low spatial coverage as well as large temporal observation
gabs. Observations obtained from remote sensing satellites can overcome these limitations
on the cost of a reduced spatial resolutions and larger (but regular) revisit times.

1.2.2 Optical and infrared satellite observations

Optical and infrared satellite observations have been mainly used to detect and monitor
RTSs by identifying vegetation disturbances. Time-series of optical satellite observations
covering the Arctic are available since the start of the Landsat program in the 1970s, but
in the early imagery the coverage of the Arctic regions was limited (Wulder et al., 2015).
To detect vegetation disturbances based on Landsat image time-series a pixel based trend
analysis (Tasseled Cap - TC), applied on the spectral band, is commonly employed (Fraser
et al., 2012). This approach has been used in several studies, for example Brooker et al.
(2014) and Lacelle et al. (2015) used Landsat imagery from 1988 to 2011 to map RTSs and
obtain RTS retreat rates for study sites in Northern Canada and showed that both active
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and stable RTSs can be identi�ed. With the improvement in data storage and computing
power, Nitze et al. (2018) applied this approach on large scales which covered about 10% of
the total Arctic permafrost region and found that RTSs were abundant, but highly localized.
Lewkowicz and Way (2019) used visual image sequences of Landsat imagery to manually map
RTS initiations on Banks Island, northern Canada, and could attribute strong initiations
events to high summer temperatures. The relative low 30 meter spatial resolution of Landsat
imagery only allows to map larger RTSs. Additional high resolution satellite observations are
available since the 2000s with the SPOT, Quickbird and WorldView constellations, among
others. Observations from these satellites have been used in several studies across the Arctic
(Rudy et al., 2013; S�ejourn�e et al., 2015; Khomutov et al., 2017; Rudy et al., 2017; Jones
et al., 2019; Verdonen et al., 2020; Swanson, 2021). A study by Kokelj et al. (2017) used high
resolution SPOT imagery for RTS mapping over a large region in the North West Territories
in northern Canada. The main result was that RTSs are mainly found at the recessional po-
sitions of the Laurentide Ice Sheet, explained by high ground ice contents at these locations.
In recent years, several studies have applied di�erent machine learning techniques for RTS
detection with the goal of mapping RTSs on large scales (Huang et al., 2018, 2020; Nitze
et al., 2021). Since 2015 open access Sentinel-2 observations with a 10 meter spatial resolu-
tion and a repeated pan-Arctic coverage are available. Runge et al. (2022) used a machine
learning approach on Sentinel-2 and Landsat imagery applied on large parts of the Siberian
Arctic to map more that 50 000 RTSs and found a steady increase in RTS-a�ected area from
2001 to 2019.
The optical mapping method needs cloud-free observation, a snow-free landscape and solar
irradiation which reduces the amount of usable data. In the mapping approach based on
vegetation disturbances no information about the induced volumetric changes can be ob-
tained. Pan-Arctic digital elevation models based on photogrammetry generated at di�erent
times with a high spatial and vertical resolutions have been available since 2016 with the
release of the ArcticDEM (Morin et al., 2016). Till know this data has only been used for
the investigation of individual RTSs (Zwieback et al., 2020) and as supplementary data, for
example to assess the RTS slope and aspect (Jones et al., 2019).

1.2.3 Satellite SAR observations

Another method for measuring changes over time are based on synthetic aperture radar
(SAR) systems. Since these systems use an active radar, operating in the microwave domain
there is no need for solar irradiation. This makes it possible to observe the Arctic landscape
year around and are furthermore independent of cloud cover. The change detection approach
on the SAR backscatter images has only been employed by Balser et al. (2014) to examine
RTS initiations in the Noatak Valley, Alaska. They found that most RTSs initiated in 2004
and 2005 after unusually high summer temperatures and early snow-melt.
The SAR technique is often used to measure elevation changes. This can either me done by
a di�erential or a topographic approach. In the di�erential approach SAR observations are
taken from the same position at di�erent times (repeat-pass InSAR) and measure ground
movement on a millimeter to centimeter scale for example thaw subsidence by permafrost
thaw (Strozzi et al., 2012; Antonova et al., 2018). The surface properties need to be similar
between acquisitions, since otherwise no phase information is preserved. RTSs can change
strongly over time-scales of months and investigating the headwall movement over a longer
time-frame is not feasible using repeat-pass interferometry due to the e�ect of temporal
decorrelation on the signal (Short et al., 2014) (See the following section for more details).
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In the topographic approach, single-pass observations, de�ned as taking two images at the
same time from slightly di�erent positions, are able to overcome the decorrelation problem
and can obtain estimates of surface elevation changes with a meter to sub-meter precision
(Zwieback et al., 2016, 2018). With the start of the TanDEM-X satellite in 2010, forming
together with the TerraSAR-X satellite the TanDEM-X constellation, high enough resolu-
tions both spatially and in the height component are achievable to investigate RTSs on a
pan-Arctic scale. These observations are at the core of this thesis and in the next section I
will give an introduction into SAR observations with special emphasis on single-pass bistatic
SAR observations that are obtained by the TanDEM-X satellite mission and elaborate on
error sources and potential di�culties for the investigation of RTSs.

1.3 Interferometric SAR observations for the genera-
tion of elevation models

1.3.1 Synthetic Aperture Radar Observations

Microwave Synthetic Aperture Radar (SAR) systems emit electromagnetic pulses and mea-
sure the intensity and phase of the re
ected signal. Such systems have the advantage that
no solar irradiation is needed and that the signal is nearly insensitive to cloud-cover. For
satellite SAR systems the signal is emitted in a side-looking con�guration perpendicular to
the 
ight direction. Di�erences in the receive time of the measured signal are directly pro-
portional to di�erent sensor-scatterer distances and by sampling the response signal in time
a distance component, called slant range, can be obtained. The lower limit on the sampling
rate is determined by the pulse length� of the emitted signal and by using time-bandwidth
product (� � f bw � 1; f bw indicates the spectral bandwidth of the transmitted signal) and the
two way travel time at the speed of lightc the slant range resolution can be computed by

�range =
� � c

2
=

c
2 � f bw

(1.1)

This resolution only depends on the sampling frequency and is in principle independent
of the sensor-scatterer distance. In practice however, a high enough backscatter intensity
needs to be measured. This intensity depends on distance, orientation and other scattering
object properties. Additionally to the backscatter intensity, the phase of the signal can
be measured which contains information about propagation time and delay, as well as the
scatterer characteristics.
Systems that use electromagnetic waves for direct imaging have a fundamental lower limit
in the achievable angular resolution known as the Rayleigh criterion:

� � �
�
D

(1.2)

where� is the imaging wavelength and D is the diameter of the aperture or for radar systems
the antenna size. This de�nes the pixel resolution perpendicular to the range direction. This
resolution, called azimuth resolution, is then

�Az =
R�
D

(1.3)

where R indicates the sensor-scatterer distance. For satellite systems which operate in orbits
above 500 km and with a centimeter to meter wavelength this resolution is on the order of
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kilometers, orders of magnitude above the achievable range resolution of a few meters. To
overcome this limitation the technique of synthetic aperture radars can be used. Scatterers
inside an azimuth resolution cell can be distinguished by taking advantage of the Doppler
Shift phenomena. Parts of the resolution cell on the ground is in front of the sensor and
obtains an increase in frequency. Similarly scatterers behind the sensor obtain a reduction
in frequency. By measuring this frequency shift, scatterers can be separated and a improved
azimuth resolution of

�Az =
D
2

(1.4)

can be archived. This resolution is now also independent of the satellite-scatter distance and
on the order of meters for typical satellite SAR systems.

1.3.2 Overview of SAR Interferometry

Each pixel in a SAR observation contains a signalS which consists of an amplitudeA and
a phase� with contributions from all scatterers inside a resolution cell. The signal can be
written as

S = Aei� (1.5)

Interferometry refers to a technique where two observations that are taken either at di�erent
times or with di�erent viewing angles are combined to extract ground movement or the
topography. Taking two signalsS1 and S2, the interferogram between them can be computed
by

I (S1; S2) = S1 � S�
2 = jA1jjA2jei ( � 1 � � 2 ) (1.6)

In interferometric applications the argument ofI (S1; S2) is obtained which equals the phase
di�erence � � = � intf = � 1 � � 2.

Di�erential Interferometry The most common form of interferograms are generated
from observations that are taken from the same imaging geometry but at di�erent times,
called di�erential or repeat-pass interferometry. Assuming no change in scatterer properties
and a static atmosphere, the phase di�erence� intf is proportional to the change in the scatter
position � R along the line of sight:

� intf = � 1(t1) � � 2(t2) =
2�
�

(2R(t1) � 2R(t2)) =
4�
�

� R (1.7)

whereR(t1;2) indicates the distance between sensor and scatterer at timet1, respectivelyt2

and � the imaging wavelength. The factor of 2 in front of the distanceR comes from the two-
way propagation path. For SAR systems operating at wavelengths in the meter to centimeter
range this allows to measure ground deformation on a centimeter to millimeter scale. This
method can not be applied when changes occur on scales much larger than the imaging
wavelength or if the properties of the scatterer changes to much between the observations
(temporal decorrelation). Additionally, atmospheric changes can lead to propagation delays
and errors in the displacement measurements.

Topographic Interferometry In the topographic method the observations from which
the interferograms are generated are now obtained with slightly di�erent viewing angles and
at the same time or with a preferably low temporal separation. The di�erences in viewing
angle lead to di�erences in the path length of the signal and thus an interferometric phase. In
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Figure 1.2: a) Schematic representation of the single pass observation geometry with an
idealised hill. The interferometric phase changes continuously when moving from point P
to point O. b) Illustration of the interferometric phase � intf , the 
at-earth phase � 
at and
the topographic phase� topo corresponding to the situation shown in a) extend in the second
azimuth direction. The topographic phase can be obtained by subtracting the 
at-earth
phase from the interferometric phase.

Figure 1.2a, a schematic representation of the single-pass con�guration for two points O and
P is shown. As in the di�erential interferometry case the interferometric phase corresponds
to the path di�erence between the two observations (Eq. 1.7) but now �R corresponds to
2 � (S1P � S2P) where S1;2P corresponds to the distance between satellite 1 respectively
2, to a point P on the ground. One can see that by moving from point P to point O the
measured interferometric phase varies continuously. The change in the interferometric phase
(� intf ) can be separated into a component that is present without topography� 
at ("
at-
earth phase") and a component related to the topography� topo (See Figure 1.2b).� 
at can
be computed based on detailed orbit information and then be removed from the measured
interferometric phase� intf to obtain the topographic phase� topo . From the imaging geometry
an expression relating the measured interferometric phase to the topography can be derived.
The topographic phase is related to a height di�erence by

� � topo =
4�
�

B?

R sin(� )
� H (1.8)

where� indicates the viewing angle,B? the perpendicular component of the distance (Base-
line) between the satellites,R the distance between the satellite and scatterer,� the imaging
wavelength and � H the height change corresponding to a phase change �� topo . A height
change corresponding to a phase change of 2� is termed Height of Ambiguity (HoA):

HoA =
�R sin(� )

2B?
(1.9)
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and can be used as measure for the achievable height accuracy. To obtain the "real" eleva-
tions a reference point with known elevation is chosen and by unwrapping the phase, thus
following the phase along possible path and ignoring phase jumps, the elevation in all pixels
can be computed with Eq. 1.8 as phase to height conversion factor.

General considerations In di�erential interferometry applications observations with a
zero-baseline, thus acquisition taken from the same geometry, are ideal. In reality this is
rarely the case and additionally to the di�erential phase a topographic phase is present. The
smaller the baseline, the smaller the in
uence of the topography becomes, indicated by large
HoA's (Figure 1.3). By simulating the expected phase patterns due to topography, which
can be done with accurate orbit information and a high resolution DEM, the topographic
phase component can be removed. One further complication arises due to changes in the
atmosphere between the two acquisitions, which lead to large scale atmospheric phase vari-
ations in the interferograms, which need to be �ltered out. Furthermore, strong changes on
the ground can lead to coherence loss such that no useful phase information can be obtained.
If the goal of the interferometric processing is to extract topographic information, the base-
line can be chosen in such a way, that the HoA's are suitable for the observed region (Figure
1.3). For example in 
at areas a large baseline and thus a small HoA is advantageous to
have a high vertical resolution. On the other hand, in mountainous areas where the to-
pography can change thousands of meters over a small spatial distance, small baselines and
larger HoA's are needed to be able to perform the unwrapping procedure. Now in
uences of
temporal changes that are measured by di�erential interferometry are unwanted, and thus
low revisit times or in the best case observations taken in a single pass are ideal. Single-
pass observations have the additional advantage that atmospheric phase contributions are
greatly reduced. For the Arctic permafrost regions such observations have been available
since the start of the single-pass interferometric TanDEM-X mission in 2010, with con�g-
urable baselines operating on a multi-year time-frame. In the following I will introduce
the TanDEM-X mission and the associated DEM generation process, elaborate on the error
sources and highlight the possibilities of using TanDEM-X acquisitions for environmental
earth observations.

Figure 1.3: Relationship between the Height of Ambiguity (HoA) and the perpendicular
baseline for� = 40� , � = 3 cm, R = 700 km
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1.3.3 TanDEM-X elevation model generation

The �rst space-borne single-pass SAR interferometry mission (SRTM) was conducted on the
space shuttle in 2000 operated by NASA. In this case the antenna was located on board of
the shuttle and a second one was positioned at the end of a 60 meter mast. The obtained
data was used to generate an elevation model that spans from 58� S to 60� N with a spatial
resolution of about 30 meters and vertical resolutions of about 10 to 15 meters, depending
on the steepness of the terrain (Farr et al., 2007). It took ten years for a second space-borne
single-pass SAR mission to be launched. The TanDEM-X satellite pair is operated by the
German Aerospace Agency (DLR) with the main objective to generate a high resolution
global DEM with higher spatial and vertical resolutions. (Krieger et al., 2007). The �rst
satellite (TerraSAR-X) was launched in 2007 and was joined by the second one (TanDEM-X)
in 2010 and both are still operational today. Both satellites carry a SAR system operating
in the X-Band at a wavelength of 3.1 cm in a right looking viewing geometry. The temporal
resolution is variable and depends on the general mission goals. In each time frame from
2010 to 2012 and in 2016 to 2017 the whole permafrost landscape was observed at least once.
Additional observations with variable con�gurations are taken on speci�c scienti�c regions
of interest.
TanDEM-X has a variety of operation modes but most observations are obtained in a so
called bistatic con�guration. Here one satellites emits a radar signal and both satellites
measure the response. This has the consequence that the e�ective interferometric baseline
B? is halved compared to the monostatic case considered in Section 1.3.2 where both sensors
emit and receive independently.
The single-look complex data delivered by DLR are already coregistered with a high pre-
cision. To generate elevation models from this, several processing steps have to be carried
out. To account for the di�erent viewing angles and shifts in the Doppler spectrum a range
and azimuth common band �lter is applied. Then an interferogram is generated with addi-
tionally averaging in a spatial window to reduce the phase noise. Typically a 4 by 4 pixel
window is used. This reduces the spatial resolution from about 2 to 3 meters to 8 to 12
meters in 
at areas. An external DEM can be used to facilitate the processing and reduce
errors. With the external DEM a simulated interferogram can be generated and subtracted
from the measured one. This leads to an interferogram in which the phase changes cor-
responds to height di�erences between the external and the measured DEM. Since for the
Arctic permafrost regions these height changes are generally low (�H � HoA) the following
unwrapping procedure is greatly facilitated. After unwrapping, the external DEM and the
orbit information are used for the orthorecti�cation (geocoding) to relate each SAR image
pixel to a precise geolocation, which can then used to update the external DEM. To increase
the precision, speci�cally if the obtained elevation changes are large, this process can be
iterated until no changes between the simulated interferogram and the measured interfero-
gram occur. It is to note that this whole procedure can also be done without an external
DEM but with the disadvantage of an impeded unwrapping and geocoding, as well as higher
requirements on the usable baselines. The typical HoAs from TanDEM-X observations of
the Arctic permafrost regions are about 30 to 100 meters and correspond to vertical height
resolutions of about 1 to 2 meters in areas with high coherences.
To assess the accuracy of the measured height, the interferometric coherence
 between the
two radar images can be used. It is computed by:


 =

�
�
�
�
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for S1 and S2 corresponding to the same coregistered pixel (or group of pixels) (Bamler and
Hartl, 1998). Its magnitude varies between 0 (uncorrelated) and 1 (noise-free). Based on the
coherence
 , an estimate of the expected standard error on the elevation� h can be calculated
using the Cramer-Rao bound:

� h(
 ) =

p
1 � j 
 j2HoA

j
 j2�
p

2L
(1.11)

whereL corresponds to the e�ective number of looks (amount of averaging) (Krieger et al.,
2007). For single-pass TanDEM-X derived interferograms the coherence can be separated
into several components:


 tot = 
 SNR 
 Vol 
 Temp 
 geo
 other (1.12)

Here 
 SNR is related to the Signal-to-Noise ratio (SNR) and is small for low backscatter
intensities. 
 Vol describe the coherence loss due to volume scattering for example in vegetated
areas with multiple scatterers inside a resolution cell at di�erent depths and thus di�erent
interferometric phase contributions. The temporal coherence
 Temp is related to changes
between acquisitions. The geometric (or baseline) decorrelation
 geo is a result of the di�erent
viewing angles that lead to a frequency (or wavenumber) shift �f in the range spectra of
the two acquisitions (Gatelli et al., 1994). It can be estimated using the critical baseline
b? ;crit , de�ned as the point when the phase change within one resolution cell equals 2� , thus
leading to complete destructive interference, due to the di�erent viewing angles:


 geo = 1 �
� f
f bw

= 1 �
b?

b? ;crit
= 1 �

c b?

f bw �R tan(� 0)
(1.13)

with � 0 indicating the local incidence angle. For a typical TanDEM-X observations with
� = 3 cm, R = 600 km, � 0= 40� and f bw = 150 MHz the critical baseline is about 7500m. The
last term 
 other is related to other error sources like limitations in the quanti�cation of
the signal due to limited downlink capacities, range and azimuth ambiguities related to
the antenna pattern or general coregistration errors (Krieger et al., 2007).
 geo (baselines
� 500 m), 
 Temp and 
 other can be neglected for typical bistatic TanDEM-X observations
(
 > 0:95) and the main error components in the interferometric phases are due to low
SNRs and volumetric decorrelation.
Related to low SNRs are low backscatter intensities on slopes facing away from the sensor
due to the side looking viewing geometry. TanDEM-X observations are either taken in an
ascending orbit (
ight directions towards the north pole) or descending orbit (
ight directions
away from the north pole). This leads to di�erent height accuracies on east or west facing
slopes when comparing ascending and descending observations. Scatterer characterstics
inside a resolution cell can also lead to di�erent backscatter intensities, like for example the
surface roughness. Furthermore, due to the fact that SAR observations measure a distance
along the line of sight, the geocoded pixels have di�erent intrinsic spatial resolutions on east
and west facing slopes. Such limitations should be taken into consideration when analysing
DEMs generated from SAR observations.

Applications DEMs generated from single-pass TanDEM-X data have been used in a
variety of environmental applications. These range from vegetation related studies like for
example the derivation of a global forest/non-forest map (Martone et al., 2018) or biomass
quanti�cations of boreal forests (Caicoya et al., 2016) to studies of volumetric changes due
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to volcanic eruptions (Poland, 2014; Kubanek et al., 2015; Kubanek, 2017) or landslides (Du
et al., 2017). In the cryosphere domain TanDEM-X DEMs have been used in studies on snow
(Rizzoli et al., 2017; Leinss et al., 2018) as well as sea ice characterisations (Yitayew et al.,
2018; Huang et al., 2021). Another cryospheric application that employs TanDEM-X DEMs
is in the study of glaciers (Liu et al., 2017; K•a•ab et al., 2018; Sommer et al., 2020; Li et al.,
2021; Leinss and Bernhard, 2021). Furthermore studies on ice-sheet mass balance have been
conducted in Greenland, (Krieger et al., 2020), Patagonia (Abdel Jaber et al., 2019) and
the Antarctica (Rott et al., 2014; Milillo et al., 2019). TanDEM-X derived elevation models
have also been used for regional studies on permafrost degradation by Zwieback et al. (2016,
2018).

1.4 Research objectives and questions

TanDEM-X derived elevation models have not been used on large scales for the investigation
of Arctic RTSs. The �rst objective of this thesis is to assess TanDEM-X data for an explo-
rative and quantitative analysis of RTS mapping possibilities. This entails the generation of
DEM di�erence images, the implementation of an detection algorithm and the identi�cation
of error sources and pitfalls in the TanDEM-X derived DEMs over permafrost landscapes.
Secondly, the developed RTS mapping method should be applied on several regions across
the Arctic to extract RTS properties describing their evolution. Such data can then be used
for large scale comparisons of RTSs in di�erent permafrost settings. Lastly, the possibility
of extracting RTS volumetric change rates should be used to investigate if it is possible to
quantify the amount of organic carbon that is mobilized due to RTS activity. The results
should provide valuable insights concerning the generation of RTS inventories, susceptibil-
ity modelling and will further improve our understanding of the processes that govern RTS
initiation and growth, which is needed to extrapolate the future impacts on ecological and
hydrological systems as well as their contribution to the permafrost-carbon feedback.
In the following paragraphs I will give a more detailed description of these research objective
and identify speci�c questions that I want to answer.

1.4.1 Mapping of RTSs

In this �rst part the objective is to develop and assess an RTS mapping procedure using
data obtained by the TanDEM-X satellites. This entails �rst the generation of a processing
chain speci�cally tailored towards the Arctic permafrost landscapes to generated coregistered
DEMs. The obtained DEMs can then be di�erenced to track elevation changes over time. On
these DEM di�erence maps a detection algorithm identifying RTS induced elevation changes
should be implemented. Since the induced changes of RTSs with small headwall heights and
low retreat rates are on the order or below the resolution limit the implemented algorithm
should be able to detect as many as possible RTSs taking into account the amount of true
and false detections. To validate and show the spatial transferability, the method should
be applied on two contrasting study regions with di�erent topographic, vegetation and RTS
characteristics.
The speci�c questions I want to answer are:

1. Can DEM di�erence images generated from TanDEM-X observations be used for RTS
detections?

2. What are the most dominate error sources and how can they be mitigated?
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3. What is the accuracy of the developed method and how does it vary between regions?

1.4.2 Analysing RTSs across the Arctic

In the second part I apply the developed algorithm on several study sites across the Arctic.
The �rst objective is to generate RTS inventories and estimate the volumetric and area
change rates. This data should then be analysed in various ways. In landslide studies
conducted in temperate climate zones two common analysis methods are determining the
frequency distributions and the area-to-volume scaling. This has not been done for Arctic
RTSs and the soil properties (ice-content) as well as time-scales (single event vs. polycyclic
multi-year retreat) are di�erent for RTSs than for landslides. The question that arises is
thus, can the methods used for landslides studies also be applied on RTSs? Furthermore,
our dataset allows to derive several terrain controls namely the aspect, slope, and location in
terms of hillslope or lakeshore RTSs which can be compared to the obtained RTS properties.
The speci�c questions I want to answer are:

1. Does the area and volume change probability density function of RTSs follow the
typical landslide distribution and to what extent does the function vary across study
sites?

2. What are the area-to-volume scaling law coe�cients for the study sites and are they
di�erent?

3. Do the terrain controls vary between the study sites, and if so is the variation related
to other RTS properties?

1.4.3 Quanti�cation of the organic carbon mobilization by RTSs

In the last part I come back to a single study site in northern Siberia, the Taymyr Peninsula,
where no large-scale RTS studies have been conducted. The main objective is to use an
available soil organic carbon map and develop models to estimate the amount of mobilized
carbon due to RTS activity. This is in principle possible since our approach allows to compute
RTS volumetric change rates. Furthermore, in the beginning of 2020 a heatwave occurred
over large parts of northern Siberia and I was able to include the northern Taymyr region
in the TanDEM-X observation plan of permafrost regions in winter 2020/21. This allows to
generate DEMs over an additional time period to investigate changes in RTS characteristics
used in the previous work and relate these changes to the 2020 Siberian heatwave.
The speci�c questions I want to answer are:

1. How does RTS activity vary over time based on the area and volumetric change rates
and the associated area to volume scaling and probability density functions?

2. What is the carbon content that was mobilized to the RTS activity and how does it
compare to other carbon exchange studies of this Arctic region?

3. Can the obtained changes be attributed to the 2020 Siberian heatwave?

In the following chapters I will answer these questions with refereed publications in several
scienti�c journals. In Chapter 5 I will then summarize the results and give an outlook and
elaborate on remaining open questions.
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2.1. INTRODUCTION

Abstract: Vast areas of the Arctic host ice-rich permafrost, which is becoming increas-
ingly vulnerable to terrain-altering thermokarst in a warming climate. Among the most
rapid and dramatic changes are retrogressive thaw slumps. These slumps evolve by a retreat
of the slump headwall during the summer months, making them detectable by comparing
digital elevation models over time using the volumetric change as an indicator. Here, we
present and assess a method to detect and monitor thaw slumps using time-series of elevation
models applied on two contrasting study sites in Northern Canada. Our two-step method
is tailored to single-pass InSAR observations from the TanDEM-X satellite pair, which have
been acquired since 2011. For each acquisition, we derive a digital elevation model and un-
certainty estimates. In the �rst step, we di�erence DEMs and detect the signi�cant elevation
changes using a blob-detection algorithm. In the second step we classify the detections into
those due to thaw slumps and other causes using a simple thresholding method (Accuracy:
78%), a Random Forest classi�er (87%) and a Support-Vector-Machine (86%). When our
method is applied to other areas, the classi�ers should be trained with data from part of
the study site or with data obtained from similar areas in terms of topography, vegetation
and thaw slump characteristics to achieve the best performance. The obtained locations of
thaw slumps can be used as a starting point to extract important slump properties, like the
headwall height and the volumetric change, which are currently not available on regional
scales.

2.1 Introduction

About one-quarter of the landmass in the Northern Hemisphere are underline by permafrost,
which is becoming increasingly vulnerable to rapid thaw in a warming climate (Schuur et al.,
2015; Grosse et al., 2011). Rapid permafrost degradation has major impacts on the local
hydrology and ecosystems, and it can also reinforce climate change by mobilizing organic
carbon, leading to the emission of the greenhouse gases CO2 and CH4. One important land
surface characteristic arising from rapid thaw are retrogressive thaw slumps (RTS). RTSs
are characterized by a steep headwall, that can reach several tens of meters in height (Figure
3.2) (Lantuit and Pollard, 2008). During the summer, the ice in the headwall melts and
sediments get transported downslope, leading to a continuous retreat of the headwall. In the
context of recent warming an increase in the rates and size of RTSs in permafrost regions of
Northern Canada and Alaska has been found (Lantz and Kokelj, 2008; Lantuit and Pollard,
2008; Goose� et al., 2009; Kokelj et al., 2009; Lewkowicz and Way, 2019). Nevertheless, on
the pan-arctic scale the prevalence and rates of thaw slumping remain poorly constrained,
and so does their contribution to climate change. This is mainly due to the remote landscape
and the severe climate conditions in the Arctic, making remote sensing techniques highly
important for studying RTSs in these areas.
In recent years, remote sensing techniques have been explored to map and investigate RTSs
on large scales ranging from aerial photographs (Lacelle et al., 2010), laser scanning (LiDAR)
(Barnhart and Crosby, 2013; Ramage et al., 2017) and satellites in the optical and microwave
domain (Short et al., 2011; Rudy et al., 2013; Brooker et al., 2014; Lacelle et al., 2015; Ra-
mage et al., 2017). The most detailed and highest resolution can be achieved using aerial
photographs and LiDAR measurements from airplanes but at the disadvantage of high costs
and no pan-arctic coverage. A large-scale coverage of vast lands is only possible by remote
sensing satellites. In this regard optical satellites can detect active RTSs by identifying dis-
turbed soil due to the movement of the headwall and the transport of sediments downslope.
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2.1. INTRODUCTION

Headwall

Scar zone

Figure 2.1: Aerial photograph of a RTS close to Inuvik (photo by Simon Zwieback taken in
summer 2018) with Headwall and Scar zone.

(Nitze et al., 2018; Huang et al., 2020). Due to the need for cloud-free observation as well as
solar irradiation, the amount of usable data is limited. Additionally, the implementation of
RTS detection methods is especially di�cult in the vegetation sparse Arctic tundra regions.
Another option for measuring changes over time are synthetic aperture radar (SAR) systems,
which have great potential for a pan-arctic monitoring of permafrost degradation. Since these
systems use an active radar, there is no need for solar irradiation, making it possible to ob-
serve the Arctic landscape year around and are furthermore independent of cloud cover.
To measure elevation changes over time, di�erential as well as topographic approaches have
been used. In the di�erential approach, SAR observations are taken from the same position
at di�erent times (repeat-pass InSAR) and measure ground movement on a millimeter to
centimeter scale e.g. thaw subsidence by permafrost thaw (Strozzi et al., 2012; Antonova
et al., 2018) or glacier movement (Strozzi et al., 2017) under the assumption that surface
properties do not change signi�cantly between acquisitions. Since RTSs can change strongly
over timescales of months investigating the headwall movement over a multiyear time-frame
is not feasible using repeat-pass interferometry due to the e�ect of temporal decorrelation
on the signal (Short et al., 2011).

The topographic InSAR approach from single-pass observations can provide large-scale
maps of thaw slump activity and volumetric changes. Here two observations are taken with
a spatial separation (baseline) between the satellites. The phase di�erence between the two
observations can then be used to generate digital elevation models (DEM). In the single-
pass bistatic mode two satellites 
y close to each other and take observations at the same
time where one antenna emits a radar signal that gets then observed by both. This has the
advantage that the temporal decorrelation as well as the atmospheric phase contribution
are greatly reduced. By comparing DEMs that are generated from a series of single-pass
observations, temporal elevation changes can be measured. DEMs from single-pass InSAR
are a unique but largely untapped data source for monitoring thaw slumps. Till now, the
single-pass method has been mainly used for the quanti�cation of volumetric changes after
volcanic eruptions (Kubanek et al., 2015) and the estimation of glacier mass balances (Rott
et al., 2014).
Pan-Arctic repeated single-pass InSAR data have been acquired by the TanDEM-X pair
since 2010. TanDEM-X is a high-resolution single-pass interferometry satellite mission that
was launched by the German Aerospace Center (DLR) with the purpose of generating a high
resolution global DEM (Krieger et al., 2007). The satellite pair started observations in 2010
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and are still operational until today. From 2010 to 2018 the global land areas are observed
at least three times. Both satellites carry an active synthetic radar (SAR) operating in the
X-Band at a wavelength of 3:11 cm. A planimetric resolution after averaging of about 10 -
12 m and, depending on the distance between the satellites, vertical height resolutions on
the order of about 2 m can be achieved. This accuracy is better than a typical RTS headwall
height of 5 - 10 m and can provide accurate estimates of the thaw slump topography.
The TanDEM-X archive provides unparalleled opportunities for mapping thaw slumps and
their environmental impacts on large scales. By using DEM time-series, RTS drivers and
controls for their development and growth can be investigated. The possibility of measur-
ing the induced volumetric change makes it potentially possible to estimate the amount of
mobilized and displaced materials, including organic carbon, nutrients and sediments. Since
the TanDEM-X observations cover the whole pan-Arctic landscape a method to extract the
volumetric change has the potential to greatly improve our knowledge of RTSs activity on
large scales. The detection and classi�cation of elevation changes in the Arctic is an impor-
tant step towards this goal.
Here we develop and assess a RTS mapping procedure using data obtained by the TanDEM-
X satellites. For each observation we generate a DEM and estimate the uncertainties. In
a �rst step, we di�erence the generated DEMs to track elevation changes over time. The
induced volumetric changes of RTSs with small headwall heights and low retreat rates are
of the order of the systematic errors. We implement methods to deal with errors due to
low coherences and waterbodies and apply a detection algorithm on the generated elevation
change maps. Nevertheless, several detections are not related to active RTSs. In a second
step, we use statistical and machine learning classi�cation methods to remove detections
that are not caused by active RTSs. To validate our method, we use reference classi�cations
from high-resolution optical data and apply our method on two contrasting study sites with
di�erent topographic, vegetation and RTS characteristics. To explore the applicability on
large scales, we quantify the spatial transferability by training the classi�ers on one site and
evaluate it on the other. We additionally investigate the use of DEMs generated at di�er-
ent times of the year and assess the data availability and accuracy needed for large-scale
mapping.

2.2 Study sites

For our study, we choose two contrasting regions in northern Canada (Figure 2.2) that show
di�erences in climatic conditions, vegetation as well as topographic characteristics. The �rst
site is limited by the Tuktoyaktuk Coastlands to the north, the start of the tree covered
region to the south (Inuvik) the Husky-Lakes to the East and the Mackenzie River Delta in
the west, (in the following named as "MRD"). It spans about 8500 km2. The second study
site is located on the south-eastern part of Banks Island with a size of about 7000 km2 (in
the following named as "Banks"). In the south and west, the Banks study site is limited by
the Arctic Ocean. The soil in both study sites contain large amounts of ground ice, making
it vulnerable to the development of RTSs (French, 2017; Segal et al., 2016). The RTSs in
the two study sites di�er in their morphology and size. In recent years increases in RTS
abundance and activity have been reported from both sites (Rudy et al., 2013; Segal et al.,
2016; Lantz and Kokelj, 2008; Lewkowicz and Way, 2019).
The MRD study site is located in the low Arctic and the climatic conditions change from
forested vegetation in the south towards a shrub tundra in the north. Due to the ice-rich
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Figure 2.2: Outline of the study site in the Northwest Territories in Northern Canada. The
red respectively the blue rectangle corresponds to the MRD respectively the Banks study
site.

ground, thermokarst features such as thermokarst lakes, degraded high-centered polygons
and active-layer detachment slides are common in the region. Likewise, RTSs are prevalent
and occur mostly along lake-shores. The largest thaw slumps can reach heights of up to 15 m
and a�ect areas of several hectares in size. However, most slumps are much smaller with
headwall heights of< 10 m and a�ected areas of< 2 ha (Zwieback et al., 2018).
The Banks study site is located in the high Arctic and is only sparsely vegetated. The
maximum elevation of 350 m is reached towards the center of the island. In the summer
month the water from snow melt and precipitation 
ows from the more mountainous area
towards the sea in trenches and valleys. In winter, winds redistribute the snow leading to
large snow accumulations. Due to the glacial and periglacial history the ground has a high ice
content leading to a widespread development of thermokarst features. The typical headwall
heights of RTSs ranges from 2 - 15 m (French, 2017; Rudy et al., 2017).

2.3 DEM generation

At the core of our processing chain are TanDEM-X bistatic single-pass observations, delivered
by the German Aerospace Center (DLR). To obtain DEMs with reasonable vertical accuracy
we exclude observations with height of ambiguities (HoA) larger than 80 m. The incidence
angles range from 36� - 44� . All observations were taken in an ascending orbit with look
direction to the right in single-polarization mode (VV or HH). In total, our dataset contains
149 bistatic single-pol TanDEM-X observations (MRD: 87, Banks: 62) acquired between 2011
and 2017. These observations cover our study sites with about 4 - 5 observations of which at
least one observation is taken during winter before 2013 and one during winter 2016/2017
(Figure 2.3). We generate DEMs for each observation with a �nal planimetric resolution of
10 - 12 m and vertical accuracies of about 2 m in areas with high coherences. To improve our
DEM generation process we additionally use the TanDEM-X 12 m DEM product as reference
DEM. The interferometric processing was done using theGamma Remote Sensingsoftware
Werner et al. (2000). All further processing steps are implemented using the programming
languagePython.
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Figure 2.3: Height of Ambiguities (HoA) and the expected standard error corresponding
to an assumed coherence of 0:9. The lowest HoAs are around 30 - 40 m. During winter of
2010/2011, the spring and summer of 2012 and twice during the winter 2016/2017 both
study sites have a total coverage. Parts of the MRD study site was also observed in 2013
and 2014.

For each bistatic single-pass TanDEM-X observation we started with the single-look complex
(CoSSC) product delivered by DLR and veri�ed the co-registration using a cross-correlation
algorithm. We compute the interferograms after applying range spectral �ltering to allow
for the incorporation of large baseline interferograms. To reduce speckle noise we apply a
multi-looking window of size 4 pixels x 4 pixels, reducing the original resolution from 2 - 3 m
to 8 - 12 m. The complex coherence was computed based on the 
attened interferogram were
the phase contribution due to a 
at topography was removed. Additionally, we compute a
simulated interferogram as well as a layover and shadow mask based on the orbit information
and the reference DEM. To minimize errors due to phase unwrapping we �rst subtract the
observed interferogram from the simulated one before applying the Minimum Cost Flow
algorithm Costantini (1998). The unwrapped phases are converted to elevation heights in
meters. We use the orbit information for the orthoreti�cation and apply the layover and
shadow mask to remove areas that are a�ected by layover and shadow e�ects. The obtained
DEMs contain height o�sets and tilts, as well as horizontal misalignments on the order of
a few meters. We do an initial correction of these two errors using the reference DEM to
obtain an estimate of the absolute vertical o�set by computing the mean di�erence. We �t
a second degree polynomial to the spacial di�erence to remove tilts.
The DEMs were split into tiles to facilitate the comparison of DEMs acquired from di�erent
orbits. The tiles have an extent of about 13 km x 13 km with a bu�er of 1 km to avoid edge
e�ects.

2.4 Accounting for random and systematic errors

When comparing DEMs generated from single-pass interferometric observations, the eleva-
tion di�erences contains several error sources that have to be considered. These can arise
due to errors in the DEM generation, like an inaccurate DEM registration and remaining
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large-scale trends, a random error in each DEM, related to phase inaccuracies in the individ-
ual observations as well as systematic elevation biases related to water, snow or vegetation.
These e�ects can lead to apparent elevation changes in single-pass interferometric observa-
tions of several meters.

2.4.1 High precision DEM registration

Our generated DEMs can contain weak large-scale trends, an absolute height o�set and
misalignments. We tried to account for these errors during the DEM generation process, but
in areas experiencing large random errors like over waterbodies, small trends, o�sets and
misalignments remain. We thus employ a second DEM registration step were we again try
to remove these errors.
We correct for misalignments in a �rst step using the Nuth and K•a•ab method, which exploits
the shift-induced relation between the elevation di�erences and terrain aspect Nuth and K•a•ab
(2011). To achieve a good result, the random errors need to be smaller than the shift signal
and prior to the correction we apply a waterbody and coherence mask (Section 2.4.2 and
2.4.4) to remove areas with large errors. We obtain good registration results if topographic
features like deep trenches and large and steep hills are present but the registration becomes
error prone for areas with only little topography. For these areas, mostly in the MRD study
site, we additionally orthorectify the backscatter intensities and remove the misalignment
using a cross-correlation algorithm. This improves the registration in these areas. After
correcting for the obtained shift we again apply a large-scale trend removal and correct for a
vertical o�set. These steps are repeated until no misalignments and shifts can be detected.

2.4.2 Random height errors

The heights are a�ected by random errors that are due to noise in the interferometric phases.
The coherence
 is a measure of the quality of the interferometric phase between the two
observations and takes values between 0 (low phase quality) and 1 (high phase quality).
For the single-pass bistatic TanDEM-X observations, interferometric coherence loss due to
temporal decorrelation, ambiguities, baseline decorrelation and relative shifts of the Doppler
spectra are highly suppressed (
 > 0:95) and the main contribution to the decorrelation is due
to volume decorrelation and low backscatter intensities (low signal-to-noise ratio) (Krieger
et al., 2007; Rizzoli et al., 2017b).
The coherence estimate can be translated into an estimate on the elevation error using the
Cramer-Rao bound:

� 

h =

p
1 � 
 2



p

2L

HoA
2�

(2.1)

where HoA is the Height of Ambiguity, de�ned as the height change in one interferometric
phase cycle andL is the number of looks to reduce speckle noise.
Since we are normalizing our height measurements in the generation of the test statistic
image we also include measurements with low coherence. Due to the large errors in the
elevation measurements at very low coherence values, which become problematic for phase
unwrapping and for the Cramer-Rao-Bound equation (eq. 1) to be applicable, we mask for
each observation the pixels with an estimated coherence of less than 0.3 (Ferretti et al.,
2007).
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2.4.3 Systematic errors

When comparing DEMs generated at di�erent times, water, snow and vegetation can gen-
erate apparent elevation gains or losses of several meters. Water bodies induce large errors
for several reasons. During the ice-free summer months low backscatter intensities from the
smooth water induces low coherences and a large random phase error. Additionally, the
non-zero along-track baseline decorrelation can lead to spurious, movement-induced phase
contributions (Zwieback et al., 2018). During winter 
oating ice causes a strong re
ectance
due to the large di�erences between the dielectric properties of ice and water. This leads
to high values in the radar backscatter as well as the coherence values of the measured el-
evation at the ice-water interface. On the other side, if the ice freezes completely to the
ground (bedfast-ice), the dielectric contrast drops leading to low backscatter and coherence
values (Elachi et al., 1976). Additionally, waterbodies can induce real changes in elevation
by changes in the water level and the formation or drainage of lakes.
In terms of snow, the winter temperatures in the arctic fall to average monthly temperature
values of below� 20C� resulting in a dry snow-pack and radar waves can propagate through
without being strongly a�ected, measuring the elevation at the ground. On the contrary
during the time of snow-melt the water content in the snow-pack increases and interacts
with the radar waves by re
ection and absorption. This leads to an apparent change in
elevation as well as to a decrease in the coherence and thus in the accuracy of the height
measurements (Nagler and Rott, 2000).
In regard of vegetation, shrub heights along lake shores or along trenches and streams can
reach several meters in height in the more southerly arctic tundra regions. When the land-
scape is frozen, the microwaves interact little with the vegetation. In contrary, in the summer
months leaf-growth and an increased water content in the vegetation can induce an apparent
elevation change as well as large errors due to volume decorrelation (Zwieback et al., 2018).
Errors in DEMs generated from observations when the landscape is frozen can be dealt with
by masking low coherence measurements and the utilization of a waterbody mask. In DEMs
generated from observations taken when the landscape is not frozen errors are more extensive
and the best strategy is to remove these observations from the analysis. Due to the climatic
conditions in our study sites we can in general assume a frozen landscape between October
and March and therefore exclude observation taken in the months from April to September
for the general RTS detection procedure. To investigate how strong the in
uence of these
error sources are we additional apply our processing scheme on a dataset including the April
to September observations.

2.4.4 Water body mask

To remove errors due to waterbodies we generate a waterbody mask. If a radar observation
is available during the summer months (July-August) we apply a threshold-based masking,
using the measured backscatter intensities as well as the measured coherence. This has the
advantage of having a high resolution and a good coregistration to the DEMs. Due to the
short time-frame of an ice- and snow-free landscape, TanDEM-X observations for the gener-
ation of a water-mask are only available for parts of the MRD study site. For the remaining
parts we use Sentinel-2 multi-spectral observations for the waterbody mask generation.
To generate the waterbody mask based on TanDEM-X observations we determine our
backscatter threshold value using the histogram of the measured backscatter intensities.
For areas with a high abundance of lakes we can identify two peaks, one coming from land
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surfaces (high) and the other coming from water surfaces (low). We set the minimum value
between the two distributions as our threshold value (Kittler and Illingworth, 1986). If no
peaks can be identi�ed we use a threshold value of 0:4 of the average intensity. The coherence
threshold was set to 0:3 (Wendleder et al., 2013).
For the optical waterbody mask we select observations without cloud-cover at the end of
summer to avoid misclassi�cation due to clouds and a frozen, snow-covered landscape. We
use the Normalized Di�erence Water Index (NDWI) with a threshold value of 0:1 to sepa-
rate between water and non-water (McFeeters, 1996; Kaplan and Avdan, 2017). The optical
waterbody masks have a resolution of 10 m x 10 m, which is on the same order as the radar
observations. Furthermore, the horizontal alignment of the TanDEM-X reference DEM and
the Sentinel-2 observations are less than 20 m, such that no additional coregistration step is
necessary (Wessel, 2016; Baillarin et al., 2012; Pand�zic et al., 2016). To minimize errors due
to horizontal misalignments and emergent vegetation in the littoral zone we apply a mor-
phological �lter (dilation) of two pixels on the optical water masks to slightly increase the
water area. If several Sentinel-2 observations are available we generate a waterbody mask
for each observation and combine them using an "OR" operation to obtain the �nal mask.

2.5 Detection and Classi�cation

We compute elevation changes by di�erencing the DEMs and apply a waterbody mask to
remove water-induced artifacts. In a �rst step we normalize the data using the estimated
coherences and detect signi�cant elevation changes using a blob detection method followed
by a clustering algorithm to merge detections in the same locations over time. In a second
step, we classify the detections using a simple threshold method and two machine learning
classi�ers, namely a Random Forest Classi�er and a Support-Vector-Machine, to separate
the detections into induced by active RTSs and other causes.

2.5.1 Step 1: Detection of signi�cant elevation changes

To detect signi�cant elevation changes we apply DEM di�erencing on the generated DEMs.
Since the largest changes occur between DEMs taken further apart in time, we compute all
possible di�erence maps between DEMs generated by observations separated by more than
two years.
The error on the measured elevation depends on several properties and can be estimated by
� 


h . We normalize the elevation changes using the Gaussian standard error:

dnorm =
h1 � h2p

� 1(
̂ 1; HoA1)2 + � 2(
̂ 2; HoA2)2
(2.2)

where dnorm is the normalized elevation di�erence andh1;2 the measured elevation of the
�rst, respectively the second DEM. A pixel by pixel thresholding approach yields many
wrong detections since headwall heights can be only of the order of a few meters and thus
only slightly above the expected standard error. Since typical thaw slumps are larger than
a resolution cell we additionally use the spatial size of the slumps by computing a test score
T over a moving window (
 k):

Tk =

P
i 2 
 k

dnorm
i

n(
 k)
(2.3)
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Figure 2.4: Examples of Step 1: Detection of signi�cant elevation changes. (a) Locations of
detections for part of the MRD study region with the mid parameter setting. (b) Elevation
change between observations taken on 15.02.2011 and 25.10.2016. Three blue spots showing
elevation losses are visible to the east of the masked lake. (c) Calculated test-score values.
The three areas corresponding to strong elevation losses show high values in the test score
statistic. (d) World-View Google Earth image from summer 2012. One RTS is visible at the
top of the lake. (e) Sentinel-2 false color image taken on 30.06.2017. Compared to the World-
View Image of 2012 three RTSs at the location show elevation losses. (f) Elevation change
between observations taken on 15.02.2011 and 25.10.2016. The arrow indicats the location
of a RTS visible in the Google Earth World-View image of 2017. (g) Calculated test-statistic
values. The slumps along the lake is much better distinguishable and was detected using the
mid parameter setting, but missed in the low setting. (h) World-View Google Earth image
from summer 2012. (i) Sentinel-2 false color image taken on 30.06.2017. Compared to the
World-View Image of 2012, a small increase in the area without vegetation is visible.
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wheren indicates computing the number of valid elements. We compute the test scores for
square windows of size 3, 5, 8 and 15 pixels. On each of the test score images we run a blob
detection algorithm based on the determinant of the Hessian using a Gaussian kernel (Bay
et al., 2008). Here four parameters have to be set:� min indicating the minimum standard
deviation of the Gaussian kernel,� max for the maximum standard deviation of the Gaussian
kernel and� num for the number of intermediate values as well as a threshold based on typical
RTS sizes (Table 2.1). The two most important parameters are� min and the threshold, since
these determine the smallest blobs in size and intensity that are detected. We choose three
di�erent settings (low, mid, high) to investigate the dependence of the parameters in relation
to the number of RTS detections.
The exact location of the blob-detected RTSs can vary over time. To group blob-detections
corresponding to the same active RTS we apply a hierarchical clustering scheme with a
maximum cluster size of 40 pixel, corresponding to about 250 m (Johnson, 1967). Only
very large slumps exceed this limit, which would lead to two or more cluster locations
corresponding to the same RTS. The individual clusters are counted as one detection. We
average the positions of the individual location of the blob-detections inside a cluster to
obtain the �nal detection location used in the further analysis. An example of the detection
locations, elevation loss and the computed test score for part of the MRD study site can be
seen in Figure 2.4.

� min � max � num threshold [10� 3]
low 5, 6, 7, 9 35 50 4.5, 3.2, 2.5, 1.3
mid 6, 7, 8, 10 35 50 3.5, 2.5, 2., 1.
high 7, 8, 9, 11 35 50 3., 2., 1.5, 0.7

Table 2.1: Parameter sets for the blob detection algorithm. The multiple entries correspond
to di�erent window sizes of 3, 5, 8 and 15 pixels.

Accuracy assessment (Step 1)

Two important quantities that can be used to evaluate the detection method are the positive
predictive value (PPV), indicating the number of detected RTSs in relation to the total
number of detection as well as the false negative rate corresponding to the number of active
RTSs that were not detected.
Knowledge of the proportion of RTS and non-RTS detections are important since a high
number of the latter needs a more accurate second classi�cation step. We thus compare the
detection results for the di�erent blob-detection parameters based on the PPV. To estimate
the PPV we use high-resolution optical imagery time-series (Sentinel-2 and Planet Rapid-
Eye) to determine if a detection is caused by an active RTSs. Sentinel-2 data is available
starting in 2015 with a 10 m resolution in the optical and infrared bands. The Rapid-Eye
satellites provides data over all our study time period with a 5 m resolution in the optical
and infrared bands (Planet, 2017). The criteria for classifying a detection as an active
RTS are the exposure of bare soils, a movement over time, their location related to the
possibility of sediment removal as well as the presence of a headwall (Lantuit and Pollard,
2008). This allocation into RTS and non-RTS detections is also used as class labels in the
second classi�cation step.
To get an estimate on the false negative rate we use reference data from the study (Lewkowicz
and Way, 2019) for the Banks study site. There the Google Earth Engine Landsat time-laps
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dataset was used to identify active slumps by their change over time (1985 to 2015). We
include all RTSs that show signs of movement after the year 2011 ("Lewkowicz sample").
It is to note that due to the use of optical data not every year is guaranteed to contain
usable observations and that the cut-o� between active and non-active RTSs is governed
by the relatively coarse resolution. The exact year of stabilization and activation of RTSs
in the Lewkowicz sample can thus be erroneous. Nevertheless, for each of the 982 RTSs in
the Lewkowicz sample we look for a counterpart in our RTS dataset. Some RTSs moved
several hundred meters since their initiation or merged over time and the location given in
the Lewkowicz sample and our detection location was separated by a considerable amount.
We again use optical data to follow the slump movement over time and assign the detections
accordingly.

2.5.2 Step 2: Classi�cation

To map active RTSs we classify the previously detected candidates with signi�cant elevation
changes using three di�erent classi�ers. Our �rst choice for a classi�er is a a simple threshold
method based on the total volumetric change. In recent years the use of machine learning
algorithms to classify remote sensing data showed an increase in the classi�cation accuracies
compared to previous methods (Maxwell et al., 2018). Since our problem can be formu-
lated as a supervised two-class classi�cation problem with the additional limitation that the
amount of trainings data is small, we choose two machine-learning classi�ers, namely a Ran-
dom Forest classi�er (RF) and a Support-Vector Machine (SVM) that are generally among
the best-performing classi�cation algorithms in these type of classi�cation problems (Pal
and Mather, 2003; G. M. Foody, 2004; Pal and Foody, 2012; Lawrence and Moran, 2015).
For the implementation of the machine learning algorithms we use thePython scikit-learn
module (Pedregosa et al., 2011). The class labels ("RTS", "non-RTS") of the individual
detections are determined by the accuracy assessment performed in Step 1.

Feature extraction

We calculate several features at the detection location based on the DEM and the elevation
change over time. To characterize the elevation change we use the volume change between
the �rst and last valid observation (Vtot ) and the integrated volumetric change (Vint ). The
volumetric change between an observationm and an observationn in a window 
, centered
at the detection location can be computed by

Vm;n =
X

i 2 


(hi
m � hi

n ) (2.4)

where hi
m respectivelyhi

n indicates the elevation in pixeli measured by observationm re-
spectively observationn. The total volumetric changeVtot in a window 
 is then de�ned
as:

Vtot = V1;nobs (2.5)

where the available DEMs are ordered by observation date from 1 (earliest observation) to
nobs (latest observation). We computedVint by subtracting all available observations from
the earliest one and obtain the �nal value by integrating over time:

Vint =
nobsX

n=2

V1;n� 1 + V1;n

2
� � tn;n � 1 (2.6)
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where � tn;n � 1 is the number of seconds between observations n and n-1. The features based
on the DEM values are the circular variance (� var ), the mean slope (mmean) and the maximum
slope (mmax ). The circular variance is de�ned as

� var = 1 �

vu
u
t

 
X

i 2 


cos(� i )

! 2

+

 
X

i 2 


sin(� i )

! 2

(2.7)

where� i denotes the aspect in radians and 
 denotes an area around the location where� var

is computed. � var is a measure of how variable the orientation of the slope vectors are with
values close to 0 if all slope vectors point in the same direction and close to 1 for random
orientations. The motivation to select this properties is based on how active RTSs appear
and evolve as well as to �nd typical sources for detections that are not caused by active
RTSs. Since RTSs occur along lake- and sea-shores as well as at steep slopes due to the need
of sediment removal they typically show a low circular variance and moderate to high values
in the slope. On the contrary wrong detections in 
at and polygon covered areas show high
values in the circular variance and low slope values. The circular variance is additionally
sensitive to small trenches and depressions. An overview of the calculated features can be
seen in Table 2.2.
For the feature computation, the window size 
 has to be set. It should be big enough,
such that detections due to large errors are distinguishable from small RTSs induced ones.
If the window is too big, the elevation changes of small RTS movements do not show up in a
signi�cant way. To balance these two factors, we used a window size 
 of 5 pixels x 5 pixels,
corresponding to a square with length of approximately 20 m for the feature computation.
To compute the features� var , mmean and mmax we used the reference DEM as input for
the computation. To avoid numerical di�culties in the training of the machine learning
methods we normalize our features to values around 0� 1. � var , mmean and mmax can easily
be expanded to [-1,1].Vint and Vtot have a more dynamic range and we use the mean and
standard deviation of the training data to normalize them.

Property based on sensitive to
V tot DEM change volumetric change
V int DEM change volumetric change
� var DEM trenches, 
at areas, slopes

mmax DEM 
at areas, slopes
mmean DEM 
at areas, slopes

Table 2.2: Overview of generated features.

Classi�ers

Thresholding on Vtot (simple threshold) In a �rst step we analyze the use of a sim-
ple threshold on the total volumetric change. To determine the threshold value we use the
receiver operator characteristic (ROC) curve that is commonly used to evaluate binary clas-
si�ers (McNeil and Hanley, 1984). The ROC curve is generated by plotting the Sensitivity
against (1-Speci�city) for di�erent threshold settings. To determine the best threshold we
use the Youden index J de�ned as

J = max t (Sensitivity( t) + Speci�city( t) � 1)

= max t (TPR( t) � FPR(t))
(2.8)
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wheret indicates the threshold, TPR the true positive rate and FPR the false positive rate
(Youden, 1950), (Greiner et al., 2000).

Random-Forest (RF) Our �rst choice of a machine learning classi�er is a RF based on the
generation and combination of ordinary binary classi�cation trees (Breiman, 2001; Pal, 2005;
Cutler et al., 2007; Belgiu and Dragut, 2016). In the initialization, hyperparameters such
as the number of decision trees (N tress), maximum tree size (dmax ) and a splitting criterion
need to be set. For setting the values ofN tress and dmax we use a grid search on the training
data. For the splitting criterion we use the Gini index. We apply bootstrapping on the input
data to reduce the variance and improve generalization (Grandvalet, 2004). The advantage
of this classi�er is the ability to understand the classi�cation behavior by visualizing some
of the decision trees as well as the possibility of computing a feature importance ranking.

Support-Vector-Machine (SVM) As a second machine learning classi�er we use a SVM
(Cortes and Vapnik, 1995; Pal and Mather, 2005; Mountrakis et al., 2011). Here each
detection is characterized byn features and represented as a vector in an-dimensional space.
The classi�cation is achieved by separating the points by an� 1 dimensional hyperplane. The
criteria for �nding this hyperplane is by maximizing the signed distance of the data points
in each class to the hyperplane. Non-linear decision boundaries can also be represented
by a SVM, provided a suitable kernel function is used. For the kernel we use a radial
basis function (rbf) with a free kernel parameter
 which is a typical choice for SVMs.
Additionally a penalty parameter C has to be de�ned indicating the weight of the error term
in the classi�cation.

Training and hyperparameter estimation

We split our data into a training set containing 70% of the sample. The remaining 30% are
used for evaluation. For all classi�ers several hyperparameters need to be set. We use a grid
search approach with a 5-fold cross validation to evaluate di�erent options. The RF classi�er
was initialized with di�erent number of trees N tress: [3, 5, 10, 20, 100, 1000] and tree size
dmax : [3, 5, 7, 10, 20, 100]. For the SVM we use di�erent options for the penalty parameter C:
[0.1, 1, 10, 100, 1000, 10000] and for the radial-basis kernel the gamma parameter
 : [0.0001,
0.001, 0.01, 0.1, 1]. We also use a 5-fold cross validation to determine the optimal threshold
for the simple threshold method by averaging the results. The result of the hyperparameter
estimation can be seen in Table 2.3.
The RF and SVM classi�ers are then trained on the whole training dataset. We evaluate
the accuracy of the methods using the evaluation set. To investigate di�erences in the two
study sites we train and evaluate the classi�ers on the two study sites separately.
Additionally, to infer the spatial transferability of the classi�ers, we generate classi�ers that
are trained on one area and evaluate it on the other.

Accuracy assessment (Step 2)

After the training of the classi�ers on the training set, we assess the accuracy of the classi�ers
using the evaluation set. To assess the accuracy we use the overall accuracy (OA), de�ned as
the number of correctly classi�ed detections divided by the total number of detections, the
average accuracy (AA), de�ned as the average of the accuracies of the two classes and the
Cohen's kappa coe�cient (� ), which measures the degree of classi�cation agreement (Cohen,
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Figure 2.5: Overview of our processing chain. We use the TanDEM-X CoSSC data as input
for the DEM generation process and the water body mask generation. Additionally, the
Sentinel-2 Level 2A (L2A) product is used for the waterbody mask generation in areas where
theres is no TanDEM-X summer observation available. After applying DEM di�erencing,
we detect in a �rst step signi�cant elevation changes. This includes the computation of a
test statistic, a blob detection and a clustering algorithm. In a second step, the detections
are classi�ed to �nd elevation losses that are caused by RTSs. Here three classi�ers, namely
a simple threshold method, a Support-Vector-Machine and a Random Forest classi�er are
used.
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Trainings-Set Classi�er Hyperparameters
SVM C: 1, 
 : 1

Total RF N trees: 1000,dmax : 5
simp. thres. t : 2897 m3

SVM C: 100, 
 : 0.1
Banks RF N trees: 100,dmax : 7

simp. thres. t : 2705 m3

SVM C: 10, 
 : 0.1
MRD RF N trees: 100,dmax : 10

simp. thres. t : 3479 m3

Table 2.3: Results of the hyperparameter estimation using a 5-fold cross-validation.

1960).
An overview of the whole processing chain can be seen in Figure 2.5.

2.6 Results

We �rst present the results of the detection prior to classi�cation, and then the combined
two-step approach. For the latter, we contrast the performance of the simple thresholding,
RF and SVM approaches and investigate the transferability across the study sites. We
additionally investigate the in
uence of using DEMs, that are generated during the spring
and summer, on the number of RTS and non-RTS detections.

2.6.1 Change detection

In the �rst step, we investigate the dependency of the parameter settings low, mid and high
of the blob detection algorithm. Here we focus on two objectives, �rst we want to detect
as many signi�cant elevation changes due to active RTSs as possible, but secondly limit the
number of non-RTSs detections since these have to be weed out in the following classi�cation
step.
The result of the change detection can be seen in Table 2.4. The total dataset is de�ned

study site params Total NRTS PPV
low 897 605 68%

Total mid 1302 954 73%
high 3837 - -
low 777 551 71%

Banks mid 1075 813 76%
high 3283 - -
low 120 104 87%

MRD mid 227 141 62%
high 554 186 34%

Table 2.4: Result of Step 1 (change detection) for the two study sites with di�erent blob-
detection parameter settings. Due to the high number of detections for the high parameter
setting on Banks, a manual assessment of the positive predictive value (PPV) was not fea-
sible.
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Figure 2.6: Detection result with the mid parameter setting (step 1). a) shows the Banks
study site and b) shows the MRD study site. On MRD several detection could be attributed
to anthropogenic causes, mainly due to gravel pits for road construction.

as the combination of the data from both study sites. With the low parameter setting we
found in total 897 detections. Of these detections 605 could be related to active RTSs,
corresponding to a PPV of 68%. For the mid parameter setting the number of detections
increased to 1302 with an improvement of the PPV to 73%. Decreasing the threshold values
further (high parameter setting) the number of detections increased signi�cantly to 3837. On
the Banks study site it was not possible to manually classify the detections due to their high
number. An overview of the location of the detections for the mid parameter setting of the
two study sites can be seen in Figure 2.6. On MRD non-RTS detections are typically found
in vegetated trenches along streams and rivers, in polygon covered areas as well as along
vegetated lake shores (for examples see Figure 2.9). On the Banks study these non-RTS
detections are often found in deep valleys and along hillslopes and ridges.
In the MRD study site, anthropogenic activities such as gravel pits for road construction
triggered signi�cant height changes. We found 49 detections in the mid parameter setting
that are related to anthropogenic activities. Considering the whole pan-arctic landscape such
detections are very unusual and not a concern for large-scale applications and we removed
these detections for the computation of the detection rates and the further analysis.
On Banks we could additionally estimate the number of RTSs that were not detected. For
the mid parameter setting we found that 719 of the 982 RTSs in the Lewkowicz sample had a
matching detection in our sample (false negative rate: 26%). For the low parameter setting
the false negative rate increased to 52% (471/982 detected). Considering that typical RTSs
on Banks have headwall heights of about 5 m - 10 m with maximum retreat rates of 6 m -
8 m per year, the calculated non-RTS detection rate of 26% for the mid parameter setting
indicates a good performance of our detection method (French, 1974; Lewkowicz, 1987; Segal
et al., 2016; Rudy et al., 2017). On MRD no current RTS inventory is available, but past
studies found typical headwall heights of about 3 m and mean retreat rates of about 2 m per
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Figure 2.7: Simple thresholding method for the total dataset. (a) Kernel densitiy plot
of the feature Vtot . The Vtot values corresponding to non-RTS detections show an earlier
peak in the distribution than for the RTS detections. (b) False positive rate, true positive
rate and normalized number of detections remaining after setting a threshold on the total
volumetric change (V thres

tot ). (c) Plot of the ROC curve for the training dataset for the simple
threshold method. The best threshold value was found at a Youden index value of J = 0.51
corresponding to 2897 m3.

year (Lantz and Kokelj, 2008; Kokelj et al., 2009; Zwieback et al., 2018). Since these values
are just at the border of our detection limit, the 141 RTSs that could be detected shows the
potential of our method to be applied on areas with relatively small RTSs.
We used the mid parameter setting for the further analysis since it provides the most balanced
result between the detected RTS and the non-RTS detections. The following classi�cation
step is intended to weed out the non-RTS detections.

2.6.2 Classi�cation

In the second step we classify the detections that were found by the blob-detection algorithm
in step 1 to improve the accuracy of our method. We investigated the performance of three
di�erent classi�cation approaches which di�er in their ability to distinguish between the
detected signi�cant elevation changes due to active RTSs and other causes (Figure 2.8). The
SVM and RF machine learning approaches archived higher accuracies, but they were also
less transferable across regions (Figure 2.10a).

Thresholding on Vtot (simple thresholding)

As a �rst classi�er we investigated the possibility of setting a threshold on the total vol-
umetric changeVtot . The distribution of Vtot of RTS and non-RTS detection can be seen
in Figure 2.7a. The distribution of the total volumetric change of RTS detection is shifted
towards higher values than the non-RTS detection. We investigate the use of setting a
threshold by calculating the true positive rate (FPR), false positive rate (FPR) and number
of remaining detections (N tot ) after removing detection below the di�erent thresholds val-
ues. We removed detections withV i

tot < V thres
tot whereV thres

tot indicates the threshold andV i
tot

indicates the value of the i-th detection. The obtained result for di�erent thresholds values
can be seen in Figure 2.7b. In general, increasing the thresholds leads to a decrease in the
number of classi�ed thaw slumps. A strong increase respective decrease in the number of
true positives respective false positives is visible between 0 m3 and about 3000 m3 indicating
that mostly false positives are removed. To determine an optimal threshold we used the
ROC curve and compute the maximum value of the Youden-J index (Figure 2.7c). By using
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Dataset Classi�er OA AA �

SVM 0.86 0.84 0.56
Total RF 0.87 0.84 0.54

simp. thres 0.78 0.64 0.47
SVM 0.86 0.87 0.65

MRD RF 0.90 0.88 0.82
simp. thres 0.83 0.74 0.78

SVM 0.84 0.80 0.43
Banks RF 0.82 0.78 0.48

simp. thres. 0.75 0.68 0.44

Table 2.5: Accuracy assessment of simple thresholding, SVM and RF classi�ers with calcu-
lated overall accuracy (OA), average accuracy (AA) and Cohen's kappa coe�cient (� ).

Figure 2.8: Overall classi�cation accuracies of the three classi�ers for the total dataset
(Total), Banks and MRD. The two machine learning classi�ers (RF and SVM) perform
better than the simple thresholding method. The classi�er performance is better on MRD
than on Banks.

a 5-fold cross validation we found an average threshold value oft = 2897 m3 for the total
dataset, t = 3479 m3 for MRD and t = 2705 m3 for Banks. Applying these thresholds on the
respective test-sets yields overall accuracies of 0.78 for the total dataset and 0.83 for MRD
and 0.75 for Banks (Table 2.5).

RF and SVM

The results of the RF and SVM classi�er can be seen in Table 2.5. Both machine-learning
classi�er show higher classi�cation accuracies than the simple threshold method. The RF
classi�ers performs slightly better (OA = 0.87) than the SVM classi�er (OA = 0.86) on the
total dataset. When using the data of the two study sites separately, the MRD area shows
a higher classi�cation accuracy for both classi�ers. On Banks the SVM performs slightly
better than the RF classi�er with an OA of 0.84. The average accuracy values are generally
close to the overall accuracies indicating no bias in terms of a better classi�cation of RTSs
or non-RTSs. The calculated� values are in the range of 0.42-0.82, indicating a moderate to
good performance of the classi�ers. An example area showing the result of the RF classi�er
can be seen in Figure 2.9.

42



2.6. RESULTS

Figure 2.9: Parts of the MRD study site showing the result of the RF classi�cation. Area
1 and Area 2 show two examples of typical false classi�cations. Area 3 and Area 4 show
typical false detections that are classi�ed correctly by the RF classi�er. (a) Locations of
detections and the generated classi�cation in RTSs and non-RTSs by the RF classi�er. The
underlying image shows the elevation loss between 15.02.2011 and 25.10.2016. (b) Google
Earth WorldView image of Area 1 taken in summer 2012. It shows a strongly vegetated
area on the top, transitioning to a more sparsely vegetated area in the lower part. An old
stabilized RTS is visible in the lower left part. The false classi�cation as RTS (blue circle) is
located at the transition between the strongly and sparsly vegetated area. The area around
the detection shows a uniform slope gradient towards the NE. (c) Sentinel-2 false color image
of Area 1. The uniform red color at the detection location indicates no bare soil. When
compared to the WorldView Image (b) of 2012 no thaw slump is visible at the detection
location (blue circle). (d) Google Earth WorldView image of Area 2 taken in summer 2006.
The false classi�cation as RTS is located at a vegetated area at a lake shore. When compared
to the Sentinel-2 false color image of 2017 (e) no RTS activity exposing bare soil is visible.
The location of the false classi�cation is similar to locations where typical RTSs are found. (f)
shows a Google Earth WorldView Image of 2012 with two false detections (blue circle) along
a small stream that are correctly classi�ed as non-RTS by the RF classi�er. (g) WorldView
image taken in summer 2012 of Area 4. The false detection is located at a polygon covered,

at area. The RF classi�er correctly classi�ed the detection as non-RTS.

43



2.6. RESULTS

Training Evaluation Classi�er OA AA �

SVM 0.73 0.63 0.27
MRD Banks RF 0.61 0.58 0.12

simp. thres 0.75 0.74 0.40
SVM 0.80 0.78 0.55

Banks MRD RF 0.77 0.76 0.48
simp. thres 0.82 0.82 0.62

Table 2.6: Accuracy assessment of SVM, RF classi�ers and simple threshold method for
di�erent training and evaluation sets with calculated overall accuracy (OA), average accuracy
(AA) and Cohen's kappa coe�cient (� ).

Spatial transferability

To investigate the spatial transferability we applied the classi�ers that are trained on one
study site and used it to evaluate it on the other (Figure 2.10a, Table 2.6). For the simple
threshold method the performance stays about the same, since the optimal threshold values
for the two study sites are only minimally di�erent. On the contrary, the accuracies of the
SVM and RF classi�ers drop below the simple threshold method with the RF showing a
stronger reduction than the SVM.
For the RF classi�er the feature importance values for the di�erent features can be calculated
(Figure 2.10b). On MRD the most important feature is the total volumetric change followed
by the features based on the DEM (� var , mmax , mmean). On Banks the total volumetric change
as well as the integrated volumetric change show a higher importance than the features based
on the DEM.
On MRD, wrong classi�cations are mainly found in vegetated trenches and in areas showing
signs of polygons (Figure 2.9). In contrary, RTSs occur mainly along lake shores. At the
Banks study site larger topographic features are present in the landscape, leading to non-
RTS detections. Since RTSs occur mainly along hillslopes, the features based on the DEM
properties can not distinguish between RTSs and other detections. The dependence on
the input features is also visible in the drop-o� of the accuracies when the classi�ers were
trained on the MRD study site and evaluated on Banks. The DEM features are assigned
high importance in the training but are not useful when applied on the detections found on
Banks. Since the simple threshold method only uses the total volumetric change it shows a
relatively constant performance, independent of what study site was used for training and
evaluation.

2.6.3 DEM errors in spring and summer

Spring and summer acquisitions are less suitable for thaw slump mapping due to seasonal
vegetation and late-lying snow packs that persistent long into the summer. On MRD several
TanDEM-X observation were taken during the summer of 2012. When using the generated
DEMs for the detection of signi�cant elevation changes we found many detection related by
vegetation. An examples of the in
uence of vegetation on MRD can be seen in Figure 2.11.
The area showing signi�cant elevation changes in the test score image is covered by vegetation
and water is potentially 
owing below the canopy, inducing wrong elevation measurements.
On Banks several TanDEM-X observation were taken in spring 2012, leading to many false
detections. An example area can be seen in Figure 2.12. Wet late-lying snow packs can be
identi�ed as the reason for many apparent elevation changes, indicated by low backscatter
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a) Classifier transferability b) Feature importance values (RF classifier) 

Figure 2.10: (a) Overall classi�cation accuracies of the classi�er when training and evaluation
was done on di�erent study sites. The left panel shows the result when the classi�ers were
trained on the MRD data and applied on the two study sites. All classi�er show a reduction in
the accuracies with the RF classi�ers showing the strongest drop from 90% to 61% accuracy.
The right panel shows the result when the classi�ers were trained on the Banks data and
applied on the two study sites. The reduction in the accuracies is not as strong as when
training was done on the MRD data, with even an increase in the overall accuracy for the
simple threshold method. (b) Feature importance values generated by the RF classi�ers for
the two study sites. On both study sites the most important feature is the total volumetric
change. The features based on the DEM show a higher importance on the MRD study site
in contrary to the Banks study site.

intensities in valleys and trenches. Snow packs potentially also accumulate and persist in
RTSs. This would lead to false classi�cations and to false estimations of the volumetric
changes.
Consequently, the investigation of using DEMs generated from observations that were taken
during a time when the landscape is not frozen (April-September) showed a increased in
detections for both study sites. The increase in detections was stronger for the mid and high,
than for low parameter setting. For the low parameter setting the number of detections for
MRD increased from 120 to 207 detections with a decrease in the PPV from 87% to 82%.
Of the 87 new detections, 27 are additional RTSs. For the mid parameter setting the change
was more pronounced with an increase of 227 to 545 and a decrease in the PPV from 62%
to 47% with 67 new RTS detections. On Banks using the low parameter setting the number
of detection increased from 777 to 1402 with a decrease in the PPV from 71% to 48% with
124 additional RTSs. For the mid parameter setting the number of detections increased
signi�cantly to 4791 and a manual assessment of the detections (Accuracy assessment step
1) in RTS and non-RTS detection was not possible.
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Figure 2.11: Example of in
uence of vegetation on elevation measurements on MRD. (a)
and (b) show the measured elevation change respectively the calculated test statistic be-
tween DEMs generated from observation taken on the 16.07.2012 during the summer and
on 25.10.2016 when the landscape was frozen. (c) Planet observation taken on 28.07.2012
of the same area, indicating that area that shows signs of an elevation change is covered by
vegetation.
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Figure 2.12: In
uence of snow on elevation measurements on Banks. (a) and (b) show
the elevation change respectively the computed test score for DEMs generated between
22.01.2011 and 19.01.2017. Several signi�cant height changes are visible corresponding to
active RTSs. The circles show the locations of active RTSs that were detected. (d) and
(e) show the elevation change respectively the computed test score for DEMs generated
between 11.06.2012 and 19.01.2017. The measurements show many disturbances especially
at locations in trenches. A true-color Planet Rapid-Eye observation taken on the 16.06.2012
can be seen in (c). Several late-lying snow packs at similar location than the elevation
changes in the TanDEM-X di�erence image are visible. The in
uence of wet snow is also
visible in the backscatter intensity image for the TanDEM-X observation taken on 11.06.2012
(f). The darker areas corresponding to lower backscatter values and are in similar areas then
the snow areas in the optical Planet true-color image.
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2.7 Discussion

We present the �rst mapping algorithm for RTSs based on the volumetric changes induced by
thaw slump activity. This is in contrast to prior studies were the two dimensional information
from optical satellites based on time-series analysis on Landsat data (Nitze et al., 2018)
and deep learning methods on Planet data (Huang et al., 2020) have been used. There the
growth of the scare zone and the accompanied vegetation change is used as an RTS indicator.
Our two-step approach is tailored to TanDEM-X single-pass SAR observations obtained at
di�erent times to generate DEMs and estimate the volumetric change by di�erentiation. The
use of the volumetric change as a RTS indicator is a more direct indication of RTS activity
and furthermore independent on vegetation coverage, which is especially important for the
vegetation sparse Arctic tundra regions.

2.7.1 Two-step algorithm for mapping thaw slumps with TanDEM-
X

In a �rst step we detected signi�cant elevation changes in the DEM di�erence images. The
computation of a test-statistic, additionally using the spatial size of the thaw slumps, followed
by blob detection algorithm and a clustering step, successfully extracted spatially extensive
physical height changes from isolated artifacts due to noise. The detection step needs to
strike a balance between the number of RTS detections in relation to non-RTS detections.
This is a particular challenge for small thaw slumps since two counter acting objectives
have to be considered. On the one hand we want to detect RTSs with properties as close as
possible to the detection limit but decreasing the thresholds and thus the amount of detected
RTSs leads on the other hand to an increase in the number of non-RTS detections. Since
in the following classi�cation step RTS and non-RTS detection are separated, we selected
the mid parameter setting as the optimal threshold, in which also slumps with retreat rates
and headwall heights just at the detection limit are detected but nevertheless very small or
barely active RTSs are missed. The PPV value of 73% of the total dataset using the mid
parameter setting indicates a good performance of our algorithm in narrowing down the sites
of potential slump activity. Nevertheless, 27% of the detections could not be related to RTSs
and a second classi�cation step is needed to separate RTS and non-RTS detections.
To weed out non-RTS detection, we investigated the use of three classi�ers and investigated
their transferability between the study sites. All classi�ers showed a good performance
(OA: 75-90%) in separating between RTS and non-RTS detections. The performance of the
machine learning classi�ers (SVM, RF) was about 5-10% better than for the simple threshold
method. The classi�ers performed better on the MRD study site than on Banks. This
di�erence can be explained using the feature important values generated by the RF classi�er
(Figure 2.10b). On MRD the most important feature is the total volumetric change followed
by the features based on the DEM. On the contrary on the Banks data the DEM features
show relatively low importance values. This hints towards a di�erence in the topographic
locations of RTSs and non-RTS detections in the two study sites. On MRD, wrong detections
are mainly found in vegetated trenches and in areas showing signs of polygons, whereas RTSs
occur mainly along lake shores. Since the features� var and mmean are features detecting
these di�erences they show a high importance for distinguishing between RTS and non-RTS
detections. In contrast to the MRD study site, Banks Island has much larger topographic
features, generating many wrong detections in similar places as typical RTSs. Consequently,
the features based on the DEM were not helpful in distinguishing between RTS and non-RTS
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detections.
The assessment of our algorithm requires high-quality training data, which are di�cult to
obtain. Our validation data were subject to three limitations. First, the volumetric changes
that characterize slump activity are not directly visible in the � 10 m resolution optical
satellite images we used for validation. In particular, slowly stabilizing slumps are di�cult to
distinguish from stabilized slumps in optical data, and recent, small slumps di�cult to detect.
These errors may have falsely increased the number of non-RTS detections (moderately active
slump not included in the reference data) as well as the PPV thus the number of detected
RTSs (stable slumps wrongly characterized as active). Second, for the estimation of the
false negative rate the reference data from Banks Island did not include the �nal two years
of our study period, such that potentially more active slumps have been missed. Third,
the sample size of the training data was limited due to the considerable e�ort required
for manual mapping. While the amount was su�cient for the low to moderate complexity
machine learning classi�cation algorithms we employed, the training data requirements of
more powerful deep learning methods will be more di�cult to meet in practice. Training
data requirements are also an important consideration for extending our algorithm to larger
scales.

2.7.2 Opportunities and limitations for large-scale mapping

Our two-step method can potentially be applied on a pan-arctic scale, thanks to the re-
peated blanket coverage by TanDEM-X. However, the non-uniform temporal coverage and
available viewing geometries have to be considered. These properties are related to the global
TanDEM-X acquisition strategy (Rizzoli et al., 2017a).
In terms of the temporal coverage, we generally have at least two observations in the years
2011/2012 and two in 2016/2017 covering the whole pan-arctic areas with HoA's of below
80 m. Nevertheless, one total coverage of the MRD study site was obtained in summer
2012 and for the Banks study site in spring 2012. When we included DEMs generated from
these observations during which the landscape was not frozen, the number of detections
increased signi�cantly. The additional detections are related to vegetation covered areas
and wet late-lying snow packs (Figure 2.11 and 2.12). The induced elevation changes are
on the order of typical RTS movements. DEMs generated during this time frame can also
lead to false volume change estimates, for example from snow accumulation at the foot of
the slump headwall. Due to these problems we found that the best strategy is to remove
these observations from the analysis. The need for observations that are taken when the
landscape is frozen, reduces the number of usable observations. This implies that if one or
two observations are taken in the spring and summer time, no or only one observation pair is
well suited for the RTS detection and property extraction leading to gaps in the pan-Arctic
coverage. We expect an improved data availability in the future due to the current second
global TanDEM-X acquisition plan with an additionally coverage of the global permafrost
region in the winter with HoA's of 35 - 45m (Bachmann et al., 2018).
Our study site is observed in the same viewing geometry (right looking, ascending). Hill
slopes and trenches are in
uenced by the radar viewing angle, increasing or decreasing the
backscatter values and thus the coherence as well as the spatial resolution. Additionally, the
right looking, ascending viewing geometry leads to a potential bias in terms of the orientation
of the detected RTSs related to layover and shadow. For example, if the headwall is oriented
away from the sensor, the headwall and part of the slump 
oor can not be observed by the
radar waves. Due to the complex interplay between these factors and the limited amount
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of validation data regarding location, headwall height and movement of RTSs on large scale
we could not quantify the sensitivity of our method regarding possible biases. The absence
of descending observations is related to the acquisition strategy for the generation of the
global TanDEM-X DEM in which terrain with relatively 
at topography was observed with
lower variability in di�erent observation modes than for more di�cult, mountainous terrain.
In areas with relatively 
at topography, the e�ect of layover and shadow on the detection
accuracy should be minor, but when using our detections to investigate RTS drivers and
controls as well as for the computation of the induced volumetric changes the potential error
due to the viewing geometry needs to be investigated in detail. Similarly, the application to
more mountainous terrain needs to be investigated separately and it is likely that additional
methods dealing with layover, shadow and the DEM coregistration need to be implemented.
When extending our RTS detection procedure to di�erent study sites, the topography as well
as vegetation characteristics need to be similar than in our study sites. Knowledge about
the expected location of RTSs as well as non-RTS detections can improve the classi�cation
accuracy. For example, since typical non-RTS detections on MRD are located in trenches
and 
at polygon covered areas, the two machine learning algorithms showed a higher clas-
si�cation accuracy than the the simple threshold method. But when applying the classi�er
trained on the MRD study on the Banks data, the classi�cation accuracy dropped signi�-
cantly (Figure 2.10a). To achieve the best performance the use of machine learning classi�ers
trained on part of the study site or on a similar area regarding typical RTSs and landscape
characteristics (e.g. topography, vegetation) should provide the best result. Nevertheless us-
ing a simple threshold method on the volumetric change with a threshold at about 3000 m3

can signi�cantly improve the result without the need for training data. Additional datasets
based on optical data like the ArcticDEM or optical satellites (Sentinel-2, Rapid-Eye) have
the potential to further improve the detection rates as well as provide additional information
on the detected RTSs.

2.8 Conclusion

We presented and assessed a method to detect active RTSs, using for the �rst time the volu-
metric change as an RTS indicator by applying DEM di�erencing. Our suggested approach is
applicable on 
at and medium mountainous terrain and provides an important step towards
a RTS detection and monitoring method on the pan-Arctic scale.
In our methods �rst step, we isolated signi�cant height changes using a statistical multi-scale
approach that is intended to discard spurious changes induced by measurement noise. In to-
tal 1302 signi�cant height changes were detected but reference data showed that 27% are due
to processes other than thaw slumps. In a second step, we classi�ed those signi�cant height
changes into RTS and non-RTS using thresholding and two machine learning algorithms.
The machine learning classi�ers exploited the characteristic properties of RTSs and common
non-RTS detections such as their size and their topographic position. We found that these
di�ered markedly between the two study regions. For example non-RTS detections in the
MRD study site were often found in 
at areas in contrary to the Banks study site were
many non-RTS detections were located close to large topographic features. Accordingly, the
transferability of the algorithms was limited: a simple threshold-based algorithm outper-
formed the Support-Vector-Machine and the Random-Forest classi�ers when transferred to
the other study region. Provided that training data from a similar study region are avail-
able, our algorithm is expected to perform with accuracies of 85 - 90% using the SVM and
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RF classi�ers. Since the TanDEM-X observations cover the whole pan-arctic landscape the
availability of a RTS detection method makes it possible to generate large-scale inventories
of RTSs. Such inventories have the potential to be used as a starting point to measure
RTS induced volumetric changes and estimate the amount of mobilized materials including
organic carbon, nutrients and sediments.
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3.1. INTRODUCTION

Abstract: Arctic ice-rich permafrost is becoming increasingly vulnerable to terrain alter-
ing thermokarst, and among the most rapid and dramatic of these changes are retrogressive
thaw slumps (RTS). They initiate when ice-rich soils are exposed and thaw, leading to the
formation of a steep headwall which retreats during the summer months. The impacts and
the distribution and scaling laws governing RTS changes within and between regions are
unknown. Using TanDEM-X-derived digital elevation models, we estimated RTS volume
and area changes over a 5-year time-period from winter 2011/12 to winter 2016/17 and used
for the �rst time probability density functions to describe their distributions. We found
that over this time-period all 1853 RTSs mobilized a combined volume of 17� 106 m3 yr � 1

corresponding to a volumetric change density of 77 m3 yr � 1 km� 2. Our remote sensing data
reveals inter-regional di�erences in mobilized volumes, scaling laws and terrain controls. The
distributions of RTS area and volumetric change rates follow an inverse gamma function with
a distinct peak and an exponential decrease for the largest RTSs. We found that the dis-
tributions in the high Arctic are shifted towards larger values, than at other study sites We
observed that the area-to-volume scaling was well described by a power law with an expo-
nent of 1.15 across all study sites, however the individual sites had scaling exponents ranging
from 1.05 to 1.37, indicating that regional characteristics need to be taken into account when
estimating RTS volumetric changes from area changes. Among the terrain controls on RTS
distributions that we examined, which included slope, adjacency to waterbodies and aspect,
the latter showed the greatest, but regionally variable association with RTS occurrence.
Accounting for the observed regional di�erences in volumetric change distributions, scaling
relations and terrain controls may enhance the modelling and monitoring of Arctic carbon,
nutrient and sediment cycles.

3.1 Introduction

About 15 % of the landmass in the northern Hemisphere is underlain by permafrost (Obu,
2021). With climate warming these permafrost regions become increasingly vulnerable to
thaw. This thaw manifest itself �rst in a slow but gradual deepening of the seasonally
thawed active layer (press disturbances) and secondly in a more rapid and local way by the
development of thermokarst features (pulse disturbances) (Grosse et al., 2011; Schuur et al.,
2015). Both forms of permafrost degradation have major impacts by changing ecosystem
and hydrological equilibria, and impact the Earth system on a global scale by reinforcing
climate change with the additional mobilization of organic carbon that was previously stored
in the frozen soil. One important thermokarst feature arising from pulse disturbances are
retrogressive thaw slumps (RTS). These RTSs initiate by the exposure of ice-rich soils with a
subsequent thaw and the formation of a steep headwall (Burn and Lewkowicz, 1990; Kokelj
et al., 2009). During the summer, the ice in the headwall melts which leads to a continuous
retreat. This process can mobilizes vast quantities of sediments on a time-scale of years.
In the context of recent climate warming, an increase in the number and sizes of RTSs
in permafrost regions has been found (Lantz and Kokelj, 2008; Lantuit and Pollard, 2008;
Goose� et al., 2009; Kokelj et al., 2009; Lewkowicz and Way, 2019). However, the inter-
regional di�erences in the rates of thaw slumping in terms of their magnitude, distribution
and controls remain poorly constrained and so are the implications for carbon and nutrient
cycles.
For the investigation of landslides in temperate climate zones, frequency distributions and
scaling laws of various form have been used to quantify hazards and ecosystem impacts as well
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3.1. INTRODUCTION

as to improve the process understanding of landslide activity (Tebbens, 2020). The variability
and similarities of these laws in terms of landslides properties and area characteristics have
played an important role. The soil properties (ice-content) as well as time-scales (single
event vs. polycyclic multi-year retreat) are di�erent for RTSs than for other landslides, but
nevertheless the methods used as well as the universality of landslide characteristics could
provide valuable insights into RTS drivers and controls. Furthermore, due to the strong
spatial variability of soil-carbon densities as well as RTS activity past model estimates of
the impacts of RTSs on the carbon cycle have large uncertainties (Turetsky et al., 2020).
Quantifying the RTS frequency distributions and scaling laws as well as their variability
across regions have the potential to greatly improve future carbon release rates. However, to
the best of our knowledge there is only one study quantifying the area frequency distributions
of RTSs, where orthophotos were used to measure an area disturbed by RTSs at a study site
on Svalbard (Nicu et al., 2021), and there are no studies that quantify RTS volume frequency
distributions.
Two of the most common methods to describe landslides are the frequency distribution
as well as the area-to-volume scaling. For the frequency distribution the area (or volume)
change of the erosion site showing elevation loss is used. In this distribution typically two
parts can be distinguished, an exponential decay part describing larger landslides and a
deviation from this power-law for smaller events with a distinct peak, indicating the most
common landslides in the region. The exponential decay part is well explained by models
that merge closely proximal landslides. The attribution of the deviation from the power law
is more controversial and is either attributed to an under-sampling of small events or to real
physical processes (Tanya�s et al., 2018). The second scaling law, namely the area-to-volume
scaling, is based on an observational relation between landslide area and volumetric change.
Many studies of landslides inventories that include di�erent sizes, slope failure mechanisms
and locations show that area-to-volume scaling follows a power law relation V/ A � with
� ranging from 1 to 1.5. (Larsen et al., 2010). In a pure mathematical sense, an� of
1.5 corresponds to a situation where objects scale in an invariant way, meaning that if
the height dimension is increased by a certain amount, the horizontal (area) dimension is
increased by the same. Consequently a scaling coe�cient smaller than 1.5 corresponds to a
situation where an increase in area leads to a smaller but proportional increase in height (Klar
et al., 2011). The ability to estimate the volumetric change from area measurements can
especially be useful for estimating the amount of mobilized material if only area measurement
are available. Additionally, di�erences in � between regions may suggest di�erent physical
drivers of RTS development.
To quantify these relations for RTSs, remote sensing techniques are the most feasible due to
the remote landscape and the severe climate conditions. Digital elevation models (DEMs)
that cover the pan-Arctic permafrost terrain with a high enough resolution to study RTSs
only became available in the last few years. One of these high resolution DEMs is based
on single-pass Interferometric Synthetic Aperture Radar (InSAR) observations taken by the
TanDEM-X satellites. TanDEM-X is a high-resolution single-pass interferometry satellite
mission that was launched by the German Aerospace Center (DLR) with the purpose of
generating a high resolution global DEM (Krieger et al., 2007). The satellite pair started
observations in 2010 and have observed the global land mass two to three times now. The
expected spatial resolution of about 10 to 12 m and vertical height resolutions of the order
of about 2 to 3 m is smaller than typical RTS change rates and can thus provide accurate
estimates of the thaw slump topography as well as related controls on RTS processes like
aspect, slope, and location (Bernhard et al., 2020).
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3.2. STUDY SITES

In this study we use DEMs generated from TanDEM-X observations to derive the volume
and area change rates of RTSs of several Arctic regions. Additionally we derive several
terrain controls namely the aspect, slope, and location. This work focuses on answering the
following questions:

1. Does the area and volume change probability density function of RTSs follow the
typical landslide distribution and to what extent does the function vary across the
study sites?

2. What are the area-to-volume scaling law coe�cients for the study sites and are they
di�erent?

3. Do the terrain controls vary between the study sites, and if so is the variation related
to RTS size?

The large number of RTSs in our sample and the diverse nature of our study sites allow for a
robust statistical inference in answering these questions. The results should provide valuable
insights concerning susceptibility modelling and will further improve our understanding of
the process that govern RTS initiation and growth as well as their future impacts on ecological
and hydrological systems.

3.2 Study Sites

We chose 10 di�erent study sites located in permafrost regions across the Arctic (Figure
3.1). We based our selection �rst on sites where previous studies have shown RTS activ-
ity: the Peel Plateau and Richardson Mountains ("Peel"), Banks Island ("Banks"), the
western Mackenzie River Delta uplands and Tuktoyaktuk Coastlands ("Tuktoyaktuk") and
Ellesmere Island ("Ellesmere") that are all located in northern Canada, the Noatak Basin
("Noatak") in Alaska, and the Yamal and Gydan Peninsula in Siberia (Lacelle et al., 2010;
Balser et al., 2014; Segal et al., 2016; Nitze et al., 2017; Jones et al., 2019; Nesterova et al.,
2020). Additionally, we chose three study sites in Siberia that exhibit RTS activity but are
not well studied, namely on the Taymyr Peninsula ("Taymyr 1 and 2") and on the Chukotka
Peninsula ("Chukotka").
The study sites are located in the Arctic tundra and the boreal-tundra transition regions
within the continuous permafrost zone (Brown et al., 2002). These regions have di�erent
environmental properties including permafrost type, topography, lake-abundance, and veg-
etation type, so we selected representative locations for our study sites. We based the exact
outline of the study sites on the Sentinel-2 tiling to facilitate the data processing steps.
The amount of ground ice on a pan-Arctic scale has not been well characterized, but esti-
mations on coarse scale report ground ice contents of> 10% for all study sites (Brown et al.,
2002). On large scales, high ground ice content is associated with the climatic history (e.g.
syngenetic ice-wedges) and the associated extent of past glacial ice (e.g. buried glacial ice).
On small scales ground ice content can vary due to for example, soil type (Lacelle et al.,
2004).
The study sites on Peel, Banks, Ellesmere, Noatak, and Chukotka show strong variation in
topography with elevation changes of several hundred meters inside the study sites. The
remaining sites show only small variation in elevation (< 100m). Another di�erence between
the study sites is in the amount of lakes present. The study site with the most abundance
of lakes are in Tuktoyaktuk and Taymyr 2. We found only a small amounts of lakes on
Ellesmere and in Noatak (Table 1).
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3.3. METHODS

Figure 3.1: Overview of the study sites. The study sites are distributed around the Arctic
with four study sites in northern Canada, one located in Alaska and �ve in Siberia. The
purple area shows the zone of continuous permafrost (Brown et al., 2002).

Table 3.1: Overview of study sites with size, lake area percentage, elevation range, and
number of processed TanDEM-X observations.

Study sites Size [103km2] Lake area [%] Elevation [m] TanDEM-X obs. [N]

Peel 19.3 4.3 100 - 1500 307
Banks 6.6 6.3 0 - 400 62
Tuktoyaktuk 7.7 14.7 < 100 87
Ellesmere 9.5 2.2 0 - 650 164
Noatak 16.3 1.5 400 - 1400 134
Yamal 24.8 6.0 < 100 143
Gydan 14.6 8.9 < 100 87
Taymyr 1 23.6 4.1 < 100 128
Taymyr 2 11.0 11.1 < 100 124
Chukotka 87.9 1.4 0 - 1100 262

Note: We calculated the lake area percentage using the generated waterbody mask. Here
we did not include open waterbodies in the calculation.

3.3 Methods

3.3.1 Data and Processing

For the DEM generation we used TanDEM-X observations acquired between 2010 and 2017.
To ensure adequate vertical accuracies, we only used acquisitions with a height of ambiguity
smaller than 80 m (Martone et al., 2012). The radar incidence angles range from 36� to
44� . For an accurate orthorecti�cation we used the TanDEM-X 12 m DEM pixel resolution
as reference and iteratively updated the look-up table based on the measured deviation
(Leinss and Bernhard, 2021). We only studied winter acquisitions, because vegetation, wet
snow and standing water during the thaw season induce sizeable errors (Bernhard et al.,
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2020), whereas in winter we expect the low average monthly temperature to produce a
dry snow-pack, through which radar waves can propagate to the ground without being
strongly a�ected (Millan et al., 2015; Leinss and Bernhard, 2021). We followed a standard
approach to generate the DEMs (Fritz et al., 2011), which have a planimetric resolution
of about 10 to 12 m and vertical accuracies of about 2 m in areas with high coherences.
We did the interferometric processing using theGamma Remote Sensingsoftware (Werner
et al., 2000). More processing details including tilt-removal and correction of misalignments,
speci�cally for DEMs generated from InSAR observations in permafrost regions can be found
in Bernhard et al. (2020).

3.3.2 RTS detection and manual mapping of a�ected areas

In the next step we averaged and mosaicked DEMs corresponding to the same winter. We
then used an automated detection algorithm to identify signi�cant elevation changes in the
DEM di�erence images from DEMs that were obtained more than 3 years apart (Bernhard
et al., 2020). For each detection we carried out several processing steps. First we assessed the
topography and environment using a TanDEM-X DEM and Sentinel-2 multispectral images
taken in summer (snow-free). For all study sites at least one Sentinel-2 image during the
years 2016 to 2019 was available. The criteria for classifying a detection as an active RTS
were the exposure of bare soils, a retreat over time, a location related to a potential sediment
removal mechanism, and the presence of a headwall (Lantuit and Pollard, 2008; Nitze et al.,
2018; Lewkowicz and Way, 2019). In uncertain cases we used additional time-series of Planet
Rapid-Eye optical data to classify the detections (Planet-Team, 2018).
The error sources and uncertainties that govern the lower RTS detection limit in terms of
headwall height and retreat rate are manifold and di�cult to quantify. This is mainly due to
the small amount of available high resolution, three dimensional RTS inventories (Swanson
and Nolan, 2018; Van der Sluijs et al., 2018), where the time-scale on which the RTSs are
monitored also plays an important role. To get an estimate on the lower limit of RTS
induced elevation changes that are detectable, we analysed the smallest detected RTSs in
our sample. The 10 smallest detected RTSs have elevation changes in the range of 1:6 to
1:9 m, which is on the same order as the general accuracy of the TanDEM-X DEM and thus
represents the smallest RTS headwall heights that are detectable. Similarly, the smallest
total area changes of detected RTSs are on the order of 500 to 1000 m2, corresponding
to about 10 to 12 pixels. Additionally, processes related to the observation properties and
InSAR processing further complicate the error estimations. For example, the 40 degree right-
looking viewing geometry leads to di�erent pixel resolutions depending on aspect and slope
of the observed area. These error sources and increased uncertainties should be considered
in the interpretation and future use of the dataset, especially for small RTSs, both in terms
of horizontal and vertical changes.
After the classi�cation step, we generated polygons for each detected RTS outlining the area
with signi�cant elevation changes. Examples of the generated polygons are shown in the
Supplement (Figures S1 to S4). The polygons outlining the area of elevation change were
drawn by a trained student and the �rst author, as our use of an automated method that
implemented a �xed threshold on the elevation change gave unreliable results. We attributed
the RTS polygons in terms of location as either "shoreline" (located close to a waterbody)
or "hillslope" (located at trenches or riverbeds).
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3.3.3 RTS attributes

For all calculations we used the polygon, which indicate an area of elevation change and thus
a net volume loss. We note that this area can also include a zone of deposition, especially
for small and low-relief RTSs or if the time between observations increases. We could not
accurately detect areas such as the debris tongues or zones of alluvial deposits and they are
not included. We computed the volumetric and area change as well as the slope and aspect.
For parts of the study sites additional to the winter in 2011/12, observations in 2010/11
and/or 2012/13 were available. To simplify the analysis we normalized the properties to
changes per year and took the average if several DEM di�erence pairs were available. It is
important to note that unlike most landslides, RTSs are multi-year features with a strong
variability in the erosional intensity as well as a potential change of their morphology over
time. In the interpretation of the results and speci�cally the comparison to landslide studies,
the use of the integrated change over several years needs to be considered. We computed the
aspect and slope by using the pre-disturbed elevation model and applied gaussian smoothing
with a standard deviation corresponding to 100 m to reduce the in
uence of random errors
(Kang-tsung and Bor-wen, 1991). For the aspect distribution we additionally computed the
aspect distribution weighted by volume.
To quantify the volumetric change rate density (volumetric change rate per unit area) we �rst
use a simple approach by dividing the summed total of all RTS volumetric changes per year
by the study site size. This has a drawback because RTSs often occur heterogeneously and
the result strongly depends on the exact outline of the study sites (Ramage et al., 2017). For
example, in the Peel study site only the east facing part of the mountain range experiences
RTS development, but our study site also includes the western part of the range where nearly
no RTS activity was detected. To account for this problem we follow a similar approach than
proposed in Kokelj et al. (2017) and divide our study site into tiles of sizes 10 km by 10 km
and counted the number of empty grid cells and computed a more representative RTS density
using only the cells showing RTS activity. It is to note that to interpret the computed density
values the number of empty as well as the number of non-empty grid cells in relation to the
total size of the study site should be considered.
To quantify the amount of lakes in each study site we used the waterbody mask generated
from Sentinel-2 data and computed the area that is covered by the mask (McFeeters, 1996;
Kaplan and Avdan, 2017). For this computation, we excluded open water areas.
We investigated the dependency of RTS growth on di�erent terrain controls by computing
the aspect, slope, and location (lakeshore or hillslope). For the aspect we identi�ed the most
dominant orientation by summing the number of RTSs as well as the volumetric and area
change rates in 8 aspect bins (N, NE, E, SE, S, SW, W, NW) and used these bins to compute
the strength and orientation of the primary direction.

3.3.4 Change Rate Distributions

The probability density function (PDF) of the area a�ected by elevation loss per year cor-
responding to an RTS inventory can be de�ned as

p(ARTS ) =
1

NRTS

� NRTS

� ARTS
(3.1)

where ARTS is the area change a�ected by elevation loss of a RTS per year, NRTS the total
number of RTS in the inventory, � NRTS the number of RTS with a�ected areas between ARTS
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Figure 3.2: Schematic representation of RTS area probability density function. Two parts
can be distinguished: An exponential decay part above the cuto� value and a deviation from
the power-law scaling below the cuto� point.

and ARTS + �A RT S and � ARTS is the bin width. Equivalently the probability density function
p(VRTS ) for the volumetric change per year can be de�ned.
All RTSs in the study show changes per year in the range of 102 to 106 m2 yr � 1 for the area
and 102 to 106 m3 yr � 1 for the volume, and we used 30 bins sampled in log-space to cover
these ranges.
When analysing a landslides PDF three quantities can be used to describe the distribution:
the rollover- and cuto�-points for small events and the coe�cient of the power law scaling
� for large events. The rollover point is de�ned as the peak in the PDF and corresponds to
the most common occurrence in the distribution. For large RTSs the PDF can be described
as a power law function. The point at which the distribution starts to follow a power law is
de�ned as the cuto� point (Figure 3.2).
To determine how well the data points are described by this model and to estimate the
rollover point we �tted a three parameter Inverse Gamma Function to the RTS probability
density function (Malamud et al., 2004). To estimate the error of the �t we used the bootstrap
method drawing 1000 random samples with replacement from all data points, and computed
the R2 value as well as the rollover point for each iteration (Ohtani, 2000).
For the computation of the cuto� value and the exponential scaling exponent we used the
method of Clauset et al. (2009) which is commonly used in landslide frequency-area analyses
(Bennett et al., 2012; Parker et al., 2015; Tanya�s et al., 2018). The approach is based
on sampling all possible cuto� values and estimating the corresponding exponential scaling
coe�cients � using a maximum-likelihood �tting method. We then tested the obtained
�tting values based on a Kolmogorov-Smirnov statistic and used the values that follows best
a true power law distribution as the �nal cuto� and � value. To quantify the uncertainty
we again used a bootstrap algorithm.
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3.3.5 Area-Volume scaling

One important quantity in comparing landslides of various sizes is the change relation be-
tween area and volume. The simplest conversion assumes that an anisotropic scaling expo-
nent, � relates the area and volume by: V� A � . Since both variables (area and volume)
are a�ected by measurement errors we used an orthogonal distance regression model to �t
a straight line (Boggs and Rogers, 1990; Markovsky and Van Hu�el, 2007). To quantify the
goodness of the �t we calculated the RMSE, R2 and p-value (in log-space).

3.4 Results

We investigated 10 di�erent study sites and measured the area and volumetric change rates
of 1854 RTSs over a 4 to 5 year time-frame. Due to the low density of RTSs in Yamal
and Gydan and the two study sites in Taymyr we combined these to one study site (in the
following "Yamal/Gydan" and "Taymyr") according to their geographical and geophysical
proximity.
The number of RTSs per study site and the obtained volumetric change rates in terms of
the total volume, density, and changes per RTS are shown in Table 2. We found the largest
RTSs in terms of average volumetric change rates per RTS at Ellesmere, Peel, and Banks
with yearly average change rates of 13 200 m3 yr � 1, 12 200 m3 yr � 1, and 10 700 m3 yr � 1. The
other areas show much smaller yearly average volumetric change rates in the the range of
2 400 m3 yr � 1 (Tuktoyaktuk) to 3 600 m3 yr � 1 (Taymyr). Compared to the other study sites,
RTSs at Ellesmere, Peel, and Banks also show higher volumetric change both in terms of
overall change per study site size (density) as well as per individual RTS. Furthermore, these
three sites also contain the largest overall size RTSs of the investigated study sites (Figure
3.3).
In the following paragraphs we will present (1) a characterisation of the area and volumetric
changes rates with special emphasis on the probability density functions with the estimation
of the rollover, cuto� and exponential decay components; (2) the estimated area-to-volume
scaling laws; and (3) several terrain controls that could potentially be related to RTS size
and frequency. To compare the quantities estimated in the next three sections we computed
the correlation coe�cients between them.

Table 3.2: Number of RTSs in each study site with the total number of RTS and the
volumetric change rates in terms of total change, density and average rates per RTS.

Area NRT S V total
change Vmean

change (density) Vmean
change (RTS)

[N] [106m3 yr � 1] [m3 yr � 1 km� 2] [103m3 yr � 1 RTS� 1]

Peel 438 5.27 342.8 12.2
Banks 679 7.16 883.8 10.7
Ellesmere 223 2.95 546.7 13.2
Tuktoyaktuk 212 0.5 43.3 2.4
Noatak 26 0.09 14.9 3.4
Yamal/Gydan 128 0.37 12.4 2.9
Taymyr 97 0.35 11.3 3.7
Chukotka peninsula 51 0.17 3.8 3.5
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Figure 3.3: Area a) and volumetric b) change rate distributions of mapped RTSs in form
of violin plots. The white dots on the center lines indicate mean values for the set of study
sites. For each violin plot the white dot on the center line indicates the mean value, the thick
center line shows the interquartile range, the thin center line shows the total range of data,
and the colored area indicates the probability density of the data across the distribution of
values smoothed by a kernel density estimator.

3.4.1 RTS volume and area distributions

The estimated PDFs are shown in Figure 3.4a and 3.4b. For most areas the quality of �t of
the inverse gamma function was good, as indicated by R2 values> 0.75. Exceptions were the
Noatak and Chukotka study sites with R2 values between 0.6 and 0.7. These two sites also
have the lowest number of RTSs in the sample with only 26 (Notatak) and 51 (Chuktoka)
RTSs (Figure 3.4c and 3.4d).
The modes of the volume change distributions (rollover points) di�er between sites. The two
study sites located in the high Arctic (Ellesmere and Banks) show an order of magnitude
higher rollover values. The range of measured volumetric and area change rates show large
variations for the Tuktoyaktuk and Peel study sites, whereas the other study sites show
smaller variations.
The PDFs above the cuto� value, the relation between rollover and cuto� as well as the expo-
nential decay values di�er between sites (Figure 3.5). For the PDF based on the volumetric
change, a high rollover value is moderately associated with high cuto� values, indicated by
a correlation coe�cient of 0.72. By contrast, the PDF based on the area change rate shows
a much stronger separation between the high Arctic sites and the other study sites and
consequently also shows a high correlation factor of 0.96. For the power law exponent for
RTSs above the cuto� values no large di�erence between the areas is visible (� � 2 to 3
and correlation coe�cients < 0.64). All correlation coe�cients are shown in the Supplement
(Figure S5). It is to note that for the yearly area and volumetric change rates the cuto�
value for the Peel study site is relatively small but the distribution continues to high values
with yearly area change rates of up to 6� 104 m2 yr � 1 and 3� 105 m3 yr � 1 (Mega-Slumps). The
computed values of the rollover, cuto�, and exponential decay coe�cients as well as the �t
parameters for the inverse gamma function are reported in the Supplement Tables S1 and
S2.
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Figure 3.4: PDF of area and volumetric change rates of mapped RTSs for the set of study
sites. a) and b) show the PDFs of area and volumetric change rates, respectively, with �tted
inverse gamma functions. c) and d) show the respective computed R2 errors.
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Figure 3.5: Cuto�, rollover, and exponential decay coe�cents. a) and b) shows the PDFs
for yearly area and volumetric change rates, respectively, above the cut-o� values. c) and
d) shows the respective estimated rollover and cuto� values for yearly area and volumetric
change rates. e) Exponential decay coe�cients for �ts above the cuto�.
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Figure 3.6: Area-to-volume scaling laws for RTS in the set of study sites. a) shows the
total dataset with all study sites combined. We found an exponential scaling exponent of
� = 1:15 � 0:01. b) shows the computed values of the scaling exponent,� , for each site
individually with the estimated standard deviation. A large variation between 1.05 and 1.37
is visible.

3.4.2 Area-to-volume scaling

The estimated area-to-volume scaling law based on all data points in log-log space shows a
clear relationship that spans over four orders of magnitude between the area and volumetric
change rates (Figure 3.6a). The estimated scaling exponent across all study sites was� =
1:15� 0:01. The quality of �t was decent, with a R2 value of 0.81, RMSE of 0.21 m3 yr � 1 and
p-value smaller than 10� 6 showing a strong dependency between RTS area and volumetric
change rates. This is remarkable considering that RTSs in the sample occurred in di�erent
topographic and geomorphological settings. Nevertheless we found a moderate inter-region
variability in the scaling coe�cient. The � coe�cients for the individual sites was in the
range of 1.05 to 1.25 with the exception of RTSs in the Banks site with a high coe�cient of
1.37 (Figure 3.6b). The data points and �tted lines for each study site individually can be
seen in the Supplement Figure S6. The strong association between area and volume change
rates can facilitate the estimation of volume changes from multispectral satellite images.

3.4.3 Terrain controls

Among the investigated terrain controls, aspect shows the greatest variability between the
study sites. RTSs located in Siberia as well as on Ellemere tend to favour a south-west
facing orientation (Figure 3.7a). The very small number of RTSs in the Noatak study site
showed a preferred orientation towards the north-west and RTSs in Peel have a preferred
orientation towards the north-east. For Tuktoyaktuk and Banks no clear trend is visible. To
consider the possibility of more than one preferred orientation we additionally looked at the
initial aspect bin distribution (Supplement Figure S7). Here only the aspect distribution of
RTSs in the Noatak valley shows two preferred orientation, but this could be related to the
low number of RTSs in the study site. Additionally to the number of RTSs in each aspect
bin we weighted the aspect by the volumetric change rates. This does only slightly alter the
preferred orientation and large RTSs do not occur at di�erent aspects.
The slope of the pre-disturbed area shows some di�erence between the study sites (Figure
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Figure 3.7: Terrain controls of mapped RTSs for each study site. a) shows the aspect main
orientation of RTSs in each study site (left) and additionally weighted by the volumetric
change rates (right). b) shows the probability density distributions of volumetric changes
rates in form of a violin plot. For each violin plot the white dot on the center line indicates the
mean value of the entire study site dataset with the thick center line showing the interquartile
range. However, the top part of each violin indicates the probability density of the subset
of shoreline RTSs, whereas the bottom part indicates the probability densities of the subset
of hillslope RTS, and the data across the distributions of values are smoothed by a kernel
density estimator. The number of RTSs in each subset is listed on the right. Some sites are
dominated by one location type. c) shows the distribution of the pre-disturbed DEM slopes
at the RTS locations.

3.7c). In general all RTSs evolve at slopes ranging from 2� to 3� up to slopes of 20� . In-
terestingly, in the study site of the largest RTSs on Banks, they tend to favour lower slopes
with values below 12� .
We investigated the dependency of RTSs locations in terms of their occurrence. We distin-
guished two types of locations, either at a shore (including lake and coastal) or at hillslopes
with no large waterbodies close by. Several study sites have mostly one type of RTS location.
The RTSs in Ellesmere (99% hillslope), Peel (96% hillslope) and Noatak (88% hillslope) have
mostly RTSs at hillslope locations. On the contrary, RTSs in the Tuktoyaktuk site are nearly
all located at lakeshores (99%). All other study sites have a mixture of hillslope and shore-
line RTS locations: Banks (66% hillslope), Chukotka (52% hillslope), Taymyr (27% hillslope)
and Yamal/Gydan (26% hillslope). In the study sites with both types of RTS locations no
signi�cant di�erence between the distributions is visible (Figure 3.7c). Furthermore, we did
not �nd a signi�cant correlation between RTS size and the percentage of hillslope or shore-
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Figure 3.8: Volumetric change rate densities, a), and density related to study site size, b),
for each study site. a) shows the computed RTS volumetric change rate densities using a
10 km by 10 km grid with the empty grid cells removed. The vertical bars indicate the range
in the computed densities. b) shows the study site size with the fraction of tiles with RTS
represented by the solid color.

line RTS locations (Supplement Figure S5).
To estimate the volumetric change rate density of RTSs within the RTS-a�ected regions of
each study site we gridded them into tiles of size 10 km by 10 km. Figure 3.8a shows the
volumetric change rates per square kilometre using only the tiles with RTSs present. The
volumetric change densities over the total study site strongly depends on the exact outline of
study sites and removing tiles without RTSs present gives a more consistent and comparable
volumetric change rate density. To make this more visible the amount of tiles with RTSs
present and without can be seen in Figure 3.8b. Here for example, the Chukotka Pensinsula
has only a small number of tiles with RTSs present.

3.5 Discussion

3.5.1 Probability density functions to characterize thaw slump ac-
tivity

The computed probability density functions of the yearly area and volumetric change rates
follow a characteristic inverse gamma law with �rst an increase in frequency up to a max-
imum value with the most abundant thaw slump sizes (rollover) and then a decrease with
an exponential decay tail above a certain cuto� value. Our �ndings show that the appli-
cability of this universal scaling also applies to permafrost landscapes, despite di�erences
in the governing geomorphic processes with respect to lower latitude environments. Here
we emphasize again that that another di�erence between our analyses and that of common
landslide studies is that RTSs are a multi-year phenomena with variable yearly erosion rates.
Some variability in the exact form of the distributions should therefore be expected if di�er-
ent time periods are chosen.
To further investigate the distributions we distinguish between two parts: (1) the exponen-
tial decay part for large RTSs and (2) the part that deviate from this exponential decay
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below the cuto� point. For landslides the exponential decay part is typically explained in
a statistical way by the concept of self-organized criticality, where a constant "input" of a
speci�c landslide size at random location, together with a merger of landslides that are close
to each other, reproduces this distribution (Bak and Tang, 1989; Turcotte, 1999). For RTSs
this explanation seems plausible since initiation and evolution are strongly linked to soil
properties that can promote RTS development in close proximity and also RTS coalescence
is common (Lantz and Kokelj, 2008; Lantuit et al., 2012; Wang et al., 2016). In addition
to the universal exponential decay behaviour in all study sites we found that the largest
RTSs in the Peel, Banks and Ellesmere study sites have order of magnitudes larger growth
rates (Figure 3.5 a,b). A possible explanation is that topographic and geomorphological
properties, like the amount of massive ice, overburden thickness or the steepness of terrain
only allow RTSs to grow to a certain size (Kokelj et al., 2017; Rudy et al., 2017; Jones
et al., 2019). For example in the Tuktoyaktuk study site (NRTS = 212) where RTSs occur at
lakeshores in mainly 
at regions, the largest RTSs show growth rates between 5 200 m2 yr � 1

and 31 800 m3 yr � 1 compared to, for example, the Ellesmere site (NRTS = 223) with more
topographic features and mainly hillslope RTSs which shows 3 to 4 times higher maximum
growth rates (range is between 23 000 m2 yr � 1 and 106 400 m2 yr � 1). This suggests that ad-
ditional to the exponential decay factor also a maximum RTS growth rate is important to
characterize the high end tail of the probability density function.
For the deviation from the exponential decay, two types of explanation have been pro-
posed for landslides in temperate climate (Tebbens, 2020). First an under-sampling of small
landslides due to limitations in resolution and secondly an explanation that attributes this
divergence on physical processes. By investigating our dataset a divergence due to under-
sampling seems unlikely since the PDFs in Peel, Banks and, Ellesemere show this divergence
(cuto�-point) at high yearly change rates of > 104 m2 yr � 1 and > 3� 104 m3 yr � 1 which cor-
responds to area and volumetric changes high above the resolution limit (TanDEM-X DEM
resolution: Horizontal � 10 m, vertical 2 to 5 m). The physical origins are likely related to
environmental conditions and physical characteristics of ground materials like ground ice-
content but are outside the scope of this work. Future models for thaw slump initiation and
evolution should be able to investigate the drivers and reproduce such distributions.

3.5.2 Similarities and di�erences in Area-Volume scaling

We found a power law relationship (V� A � ) between the area and the volumetric change
rates with a scaling coe�cients � of 1.15 for the total dataset and ranging between 1.05
and 1.37 for the individual study sites. Such relationship are known from landslides in
temperate climates with typically values of 1 to 1.5 (Larsen et al., 2010; Klar et al., 2011).
For RTSs only one study by Kokelj et al. (2021), investigating RTSs on the Peel Plateau
and Richardson Mountains, has estimated this relationship and found a scaling coe�cient
of 1.42 which is relatively high compared to our values (Peel: 1.27, Tuktoyaktuk: 1.17) but
inside the estimated error.
Comparing the coe�cients between study sites we found that lower scaling coe�cients are
not correlated with smaller RTSs. For example the scaling law coe�cient in the Tuktoyaktuk
site with relatively small RTSs is the same as for the RTSs in the Ellesmere site with the
largest RTSs in our dataset. On the other hand, for RTSs in the Peel study site there is
little con�ning topography and deep layers of ice-rich tills that allow the headwalls to grow
to large sizes and consequently yield a steeper regression curve (Lacelle et al., 2015). The
diversity in landform characteristics also contributes to the variation of the area to volume
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scaling coe�cient. At the study sites Banks and Noatak, shallow detachments are dominant
in the small-area range. These may promote larger scaling coe�cients when combined with
older, deeper RTSs (Lewkowicz, 1987b). Furthermore, most RTSs initiate as shallow active
layer detachments. The gradual increase in headwall heights following the initiation event
could lead to a temporal change in the scaling coe�cient. Further investigations relating the
scaling coe�cients to additional RTS and area characteristics (e.g. soil properties, climatic
history, age of the RTSs) are needed.

3.5.3 Terrain controls and their relation to RTS size

With the available data we could determine several terrain controls, namely the orientation
of RTS growth, the slope of the predisturbed area the RTS grew into as well as the location
in terms of hillslope and shoreline RTSs. Our �ndings in terms of the preferred orientation
of RTSs are mostly consistent with past regional studies: A preferred south-west orientation
for RTSs in the Siberian study sites (Nesterova et al., 2020) and Ellesmere (Jones et al.,
2019), towards the north-east for the Peel study site (Lacelle et al., 2015) and north facing
RTSs in Noatak (Swanson and Nolan, 2018). For RTSs in the Tuktoyaktuk study site we
found no preferred orientation, which is consistent with Wang et al. (2009), but in contra-
diction to other studies that found RTSs orientations that favour north facing slopes (Kokelj
et al., 2009; Zwieback et al., 2018, 2020). The association with aspect hints at inter-regional
di�erences in the governing geomorphic drivers and controls. A south-west facing orienta-
tion is considered to be related to higher initiation- and growth-rates of RTSs due to the
higher energy available from solar radiation (Lewkowicz, 1987a). This would suggest that
solar radiation is an important factor in RTS growth and initiation for the study sites in
Ellesmere and Siberia. Past studies have shown that a high ground ice content is a necessary
condition for RTS development (Kokelj and Jorgenson, 2013; Ramage et al., 2017). During
the Holocene Thermal Maximum, the regions in north-west Canada experienced warmer
summer temperatures than other Arctic regions and could have lost ground ice on south-
facing slopes (Burn et al., 1986; Kaufman et al., 2004; Lacelle et al., 2010; Zwieback et al.,
2018). Thus the di�erences in RTS aspect distributions could be related to the climatic
history. For example the dominant north-facing exposure on the Peel Plateau could re
ect
such anisotropic abundance of ground ice.
We did not �nd a signi�cant relation between RTS size (area and volumetric change rates) to
aspect as well as slope or location (hillslope, shoreline). This �nding a�rms previous studies
that highlighted the complexity of the processes and controls governing RTS expansion.

3.5.4 Implications

The scaling relations we quanti�ed are critical for modelling and predicting RTS activity and
the impacts on biogeochemical cycling. The regional variability in scaling behaviour needs
to be considered when upscaling �eld observations to estimate large-scale nutrient, sediment,
and carbon budgets. Because Earth system models strive to capture the variability of these
processes from regional to global scales, our results can be used to calibrate and validate
global models. Possible changes in the scaling relations could be important indicators to
predict future RTS evolution and impacts.
Our observations of variable RTS development rates and regimes highlight the need for con-
tinual pan-Arctic monitoring and further satellite missions to derive high resolution DEMs.
The TanDEM-X data availability only allowed us to compute elevation changes in a 5 year

72



3.6. CONCLUSION

time window. To investigate changes in RTS activity related to climate change a higher
temporal resolution is needed. Here additional observations from the TanDEM-X satellite
as well as data from the ArcticDEM could add additional datapoints (Bachmann et al., 2018;
Dai et al., 2020). Furthermore, with the derived area-to-volume scaling laws it is potentially
possible to use optical satellite images which are available at a higher temporal resolution
to estimate the volumetric change.

3.6 Conclusion

In this study we quanti�ed the yearly volumetric and area change rates of RTSs over a 5
year time-frame in 10 study sites across the Arctic with a total study size of 220 000 km2 and
a total number of 1868 RTSs. We found that the frequency distributions of the volumetric
and area change rates are well described by an Inverse Gamma distribution (R2 > 0:5) with
the distinct features of a rollover, cuto� and an exponential decay for large RTSs. This kind
of behaviour is well known for landslides in temperate climate regions with very di�erent
trigger mechanisms and soil properties and could provide valuable insights in modelling fu-
ture RTS evolution on a pan-Arctic scale.
The comparison between study sites showed that the distribution of RTSs in northern Canada
(Peel Plateau and Richardson Mountains, Banks Island, Ellesmere Island) are shifted towards
higher change rates in volume and area than elsewhere in the Arctic. Nevertheless, the ex-
ponential decay rates for large RTSs in all study sites were similar.
Our analyses revealed consistent but regionally variable area-to-volume scaling behaviour.
For the total dataset we found a scaling coe�cient of� = 1:15 � 0:01 with some variance
between the study sites (� between 1:05 to 1:37).
We examined terrain controls on RTS distributions, including slope, and adjacency to wa-
terbodies, but aspect showed the greatest association with RTS occurrence, though it varies
regionally. We found diverse preferred orientations of RTSs between the study sites from
no dominant orientation for Tuktoyaktuk and Banks Island, a north-east orientation for the
Peel Plateau and Richardson Mountains, east-facing RTSs in the Noatak Valley and a strong
south-west orientation of all study sites in Siberia and the study site on Ellesmere Island.
Our regionally variable RTS scaling relations may be used to constrain large-scale estimates
of carbon, sediment and nutrient budgets. By capturing the variability of RTS change rates
across scales, remote sensing is a vital tool for predicting hazards and attendant ecosystem
changes in a rapidly changing Arctic.

Data availability

Locations and extracted properties of RTSs are available at:https://www.doi.org/10.
3929/ethz-b-000482449 . The polygons outlining the area of elevation change are avail-
able upon request. Sentinel-2 are available from the Copernicus Open Access Hub (https:
//scihub.copernicus.eu ). TanDEM-X CoSSC data are not freely available but can be
requested from the German Aerospace Center (DLR) and accessed through the EOWEB
(https://eoweb.dlr.de )
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Propbility density function of area and volumetric change rates

To compute the rollover, cuto�, exponetial decay coe�cients we �tted a three-parameter
inverse Gamma function de�ned by:

pdf (X RT S j�; a; s ) =
1

a�( � )

�
1

X RT S � s

� � +1

exp
�

�
a

X RT S � s

�
(3.2)

where X RT S is either the yearly area or volume change and �(� ) is the gamma function
of � . The determined values of the �tting parameters as well as the rollover, cuto� and
exponential decay coe�cients can be seen in Table S3.3 and S3.4.

Table 3.3: Rollover Cuto� and Exponential decay for yearly area change rate.
Area Rollover Cuto� Exp.decay � a s

[102m2yr � 1] [103m2yr � 1] [103] [103]
Peel 4.96 � 0.48 1.98 � 0.94 2.4 � 0.4 1.45 1.47 -0.11
Banks 10.84� 0.66 3.95 � 2.10 3.0 � 0.5 1.76 3.60 -0.21
Ellesmere 11.46� 0.98 5.41 � 2.74 3.2 � 0.9 1.49 3.10 -0.10
Tuktuyaktuk 2.42 � 0.43 1.31 � 0.24 3.6 � 0.8 1.82 0.76 -0.03
Noatak 4.89 � 1.79 1.23 � 0.21 2.8 � 0.6 12.9 27.62 -1.38
Chukotka 3.36 � 1.50 1.13 � 0.15 3.2 � 0.5 29.59 100.76 -2.82
Taymyr 4.02 � 0.28 1.15 � 0.24 3.0 � 0.4 0.85 0.34 -0.19
Yamal/Gydan 3.92 � 0.73 1.36 � 0.20 3.7 � 1.2 4.26 4.34 -0.41

Table 3.4: Rollover Cuto� and Exponential decay for yearly volumetric change rate.
Area Rollover Cuto� Exp.decay � a s

[102m3yr � 1] [103m3yr � 1] [103] [103]
Peel 15.21� 1.86 3.31 � 1.60 1.9 � 0.1 0.97 3.71 -0.37
Banks 16.57� 1.14 5.34 � 2.96 2.0 � 0.2 0.95 3.33 -0.05
Ellesmere 29.83� 4.34 3.97 � 2.73 1.9 � 0.2 1.28 7.17 -0.32
Tuktuyaktuk 7.28 � 0.67 1.35 � 0.84 2.3 � 0.2 2.15 2.89 -0.20
Noatak 5.83 � 3.36 1.58 � 0.45 2.1 � 0.3 0.73 0.63 -0.14
Chukotka 10.42� 4.70 2.19 � 0.90 2.6 � 0.5 7.22 32.29 -2.55
Taymyr 9.63 � 1.71 2.06 � 1.40 2.3 � 0.5 0.97 1.32 0.26
Yamal/Gydan 10.23� 2.93 2.41 � 0.88 2.8 � 0.6 4.25 12.54 -1.23
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Additional Figures

Figure 3.9: Example of RTS polygones in the Chukotka study region located at N65.93
W-178.82. Left: DEM di�erence image between winter 2010/11 and 2016/17. Right: False
color Sentinel-2 image taken on 09.09.2016.
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Figure 3.10: Example of RTS polygones in the Tuktoyaktuk study region located at N69.08
W-134.02. The black arrows indicate the RTS lcoations Left: DEM di�erence image between
winter 2010/11 and 2016/17. Right: False color Sentinel-2 image taken on 06.08.2016.
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Figure 3.11: Example of RTS polygones in the Peel study region located at N67.26 W-
135.27. Left: DEM di�erence image between winter 2010/11 and 2016/17. Right: False
color Sentinel-2 image taken on 06.08.2016.
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Figure 3.12: Example of RTS polygones in the Yamal study region located at N71.09 W70.40
. Left: DEM di�erence image between winter 2010/11 and 2016/17. Right: Fasle color
Sentinel-2 image taken on 12.08.2016.
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AND SCALING RELATIONS OF RETROGRESSIVE THAW SLUMPS ACROSS THE
ARCTIC

Figure 3.13: Correlation coe�cients between all computed quantities of all areas. Values
below -0.64 and above 0.64 are statistically signi�cant (t-Test with a p-value < 0.05).
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Figure 3.14: Area to volume scaling for each study area.
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Figure 3.15: Aspect distribution of all study areas.
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4.1. INTRODUCTION

Abstract: With climate change, Arctic hillslopes above ice-rich permafrost are vul-
nerable to enhanced mass wasting and organic carbon mobilization. In this study we use
TanDEM-X-derived digital elevation models to document an approximately 43-fold increase
in thaw slumping and concomitant 28-fold increase in carbon mobilization on the Northern
Taymyr Peninsula from 2010 to 2021. The available observations allowed us to compare two
time-periods, from 2010/11 to 2016/17 and from 2017/18 to 2020/21, and contrast Retro-
gressive Thaw Slump (RTS) activity between these periods. We �nd that that all quantities
describing RTS activity increased in the observed period. The total volumetric change per
year increased from about 0:17� 106 m3 yr � 1 to 7:4 � 106 m3 yr � 1, a 43-fold increase. The ob-
served surge in RTS activity is mainly driven by the initiation of new RTS, indicated by the
17-fold increase in active RTS numbers from 82 to 1404 and the relative low average volumet-
ric change rate per RTS increase of 2.3. In annual Sentinel-2 imagery, the number of detected
RTSs in a subregion increased 10-fold in 2020. This coincides with a severe heatwave that
occurred in northern Siberia in 2020. The area-to-volume scaling of the RTSs varied only
slightly over time, despite the 2020 heatwave, indicating a robustness of the relationship to
such an event. To estimate the slump-mobilized organic carbon, we intersected the elevation
changes with a soil organic carbon (SOC) map, with contrasting assumptions about the
deep carbon pool and massive ice content. We estimated that the SOC mobilization rate
increase 28-fold. The normalization of the SOC mobilization rate to our study region yields
values of 11 gC yr� 1 m� 2 with a con�dence interval of 5 to 38 gC yr� 1 m� 2 . Comparison to an
independent estimate of the Net Ecosystem Exchange of 4:1 � 13:0 gC yr� 1 m� 2 illustrates
the importance of RTS activity to the carbon cycle. These results underscore that mass
wasting is an important but commonly neglected component of the Arctic carbon cycle, and
particularly sensitive to extreme events.

4.1 Introduction

In the northern Hemisphere about 15 % of the landmass is underlain by permafrost (Obu,
2021). With increasing temperatures these permafrost regions become vulnerable to thaw,
which can occur in a gradual, slow mode or more rapid and regionally localized (Kokelj
and Jorgenson, 2013; Schuur et al., 2015). Permafrost thaw has major impacts on the local
ecosystem and can also in
uence the global climate by the mobilization of organic carbon
that is stored in the ground. This mobilization can lead to strong positive feedback e�ects
with dramatic consequences for the global climate (Schuur et al., 2008; Grosse et al., 2011).
The intensity and timing of the permafrost carbon contribution to the global budget is not
well constrained and has large uncertainties (L�opez-Blanco et al., 2019; Zscheischler et al.,
2017). Current Earth system models focus on large scale landscape changes and the gradual
thaw of permafrost (Lawrence et al., 2015; McGuire et al., 2018). This neglects spatially
discrete and comparatively rapid processes that occur in ice-rich permafrost regions, termed
thermokarst. Thermokarst features develop and evolve on manifold scales, both in time and
in extent. Turetsky et al. (2020) modelled the e�ect of climate change on these thermokarst
landscapes and identi�ed a large potential of future carbon release by the initiation of new
features as well as the continued evolution of present ones. Nevertheless, strong model as-
sumptions and limited data availability lead to large uncertainties, especially in terms of the
most abrupt thaw, were single initiation events, like high summer temperatures can lead
to widespread initiations (Lewkowicz and Way, 2019). To date, there is only one study
estimating organic carbon mobilized by rapid permafrost mass wasting on a regional scale
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(Ramage et al., 2017), but no satellite-derived estimates are available.
In this work, we will focus on one form of hillslope thermokarst, namely retrogressive thaw
slumps (RTS) also termed thermocirques or cryogenic landslides (Lantuit and Pollard, 2005;
Leibman et al., 2014). They are characterized by a steep headwall and a scare zone where
the thawed material from the headwall is transported downslope. RTSs initiate through the
exposure of ice-rich permafrost by the removal of the protective active layer. The reason for
this can be manifold and depend on the landscape settings and processes. Along coasts or
rivers, mechanical erosion is the main driver of RTS initiation (Burn and Lewkowicz, 1990;
Kokelj et al., 2015). On hillslopes, high summer temperatures and strong precipitation
events can lead to active layer detachments due to high pore water pressure resulting from
low hydraulic conductivity and which can then further develop into RTSs (Jorgenson and
Osterkamp, 2005; Lewkowicz, 2007; Lamoureux and Lafreniere, 2009; Lewkowicz and Way,
2019; Jones et al., 2019). RTSs expand upslope due to the continual exposure and melt of
ground ice at a headwall, thus mobilizing thawed materials which are transported downslope
through the scar zone (Kokelj and Jorgenson, 2013; Zwieback et al., 2020). RTSs can grow
where ground ice content and topographic settings allows for a continued instability and re-
moval of thawed soils (Burn and Lewkowicz, 1990; Lacelle et al., 2010; Kokelj and Jorgenson,
2013). On a pan-Arctic scale, RTSs have a large variation in size, ranging from small slumps
with headwall heights of less than a meter up to large mega slumps with headwalls heights
of up to 40 m (Swanson and Nolan, 2018; Kokelj et al., 2015; Murton et al., 2017). Also the
retreat rates of the headwall are variable and can reach values of up to several tens of meter
per year (Kokelj and Jorgenson, 2013; Kokelj et al., 2015; Lacelle et al., 2015). Past RTS
studies have shown that the prevalence, geomorphic characteristics and carbon mobilization
are related to soil properties, ice contents and topography which vary across the pan-Arctic
landscape, highlighting the need for large-scale satellite-based monitoring (Lantz and Kokelj,
2008; Kokelj and Jorgenson, 2013; Zwieback et al., 2020).
Satellite remote sensing is a promising avenue for the monitoring of thaw slump activity and
carbon mobilization. In recent years, RTS analysis studies based on optical remote sensing
techniques found an increase in the number as well as sizes of RTSs (Lantz and Kokelj,
2008; Ramage et al., 2017; Nitze et al., 2018; Lewkowicz and Way, 2019; Huang et al., 2020;
Runge et al., 2022). Here, time-series of optical satellite images are used to detect active
RTSs by identifying disturbed soil due to the movement of the headwall and the transport
of sediments downslope. Another approach to analyse RTSs, is based on di�erencing digital
elevation models (DEMs) that are obtained at di�erent times to measure the induced volu-
metric change due to the retreating headwall (Bernhard et al., 2020). This approach is more
direct since the immediate retreat of the headwall and the resulting mobilization of soil is
used as the proxy for RTS activity. In this study we use DEMs generated from single-pass
Interferometric Synthetic Aperture Radar (InSAR) observations acquired by the TanDEM-X
satellites (Krieger et al., 2007) to map and investigate RTSs. The spatial resolution of about
10 m and vertical height resolutions of the order of about 1 to 2 m is high enough to be
sensitive to most RTSs. Bernhard et al. (2022) showed that with this approach RTS activity
can be described in form of various scaling laws known from landslide studies in temperate
climate region, making it possible to compare RTS activity between Arctic region, but the
temporal variability in these laws are unknown. In recent years several improved soil organic
carbon (SOC) maps covering the whole Arctic were released (Hugelius et al., 2014; Mishra
et al., 2021) which in combination with the quanti�cation of the volumetric change rates
potentially allows to make estimates of the amount of mobilized SOC due to RTS activity.
In this work our goal is to map and investigate RTSs on the Northern Taymyr Peninsula, a
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region containing massive ground ice, remnant from the Kara Ice-Sheet and which is known
to be susceptible to thaw slumping (Grosval'd et al., 1986; Yershov, E.D., 1989; Alexan-
derson et al., 2002). The available observations allows us to investigate and contrast two
time periods. Our analysis includes the quanti�cation of the induced volumetric and area
change rates and obtaining di�erent scaling laws, namely the volume to area scaling and the
probability density functions. We then estimate the amount of mobilized SOC due to RTS
activity based on a ground model including massive ice contents and a pan-Arctic SOC map.
Additionally, we use higher temporal resolution optical satellite data on a small part in our
study region to assess the impact of a severe heatwave that started in the beginning of 2020
and ended in summer (Overland and Wang, 2021).
The main objectives of this work are:

1. Quantify the RTS activity based on the area and volumetric changes using elevation
models generated from the TanDEM-X observations in two time-periods (2010/11/12
to 2016/17 and 2017/18 to 2020/21)

2. Measure the change in RTSs areas and volumes including the RTS scaling relations
and its change over time

3. Estimate of the SOC content that was released due to RTS activity based on the
induced volumetric changes and a comparison to other carbon exchange studies in the
Arctic permafrost regions

4. Assess the relation between RTS initiation and the 2020 Siberian heatwave using annual
Sentinel-2 observations

4.2 Study area

The study region is located on the Northern Taymyr Peninsula in Siberia (Russia) and spans
from 75� N to 77.5� N in latitude and 88� E to 106� E in longitude (Figure 4.1a). We focus on
a study region of 68 000 km2 in the time period from 2010/11 to 2016/17, but limited data
availability constrained us to a smaller subset of about 27 000 km2 in the time period from
2017/18 to 2020/21. To the south, the study region is limited by the Byrranga Mountains
and to the North by the Kara Sea. The relief is low to moderate, with the exception of
the Byrranga Mountains to the south which reaches an elevation of about 400m above sea
level. The study region is classi�ed as a graminoid tundra (Walker et al., 2003). In the most
northern part the vegetation is moist with low-growing plants of mostly grasses, forbs and
mosses. Further to the south the vegetation changes towards a dwarf-shrub and forb tundra
(Walker et al., 2003).
The climate is characterised as polar Arctic with a mean annual air temperature of about
-10� C. The mean July air temperatures are 2 to 5� C in the far North and 7 to 10� C in the
South of the study region. During winter the region experiences monthly mean air tempera-
tures below -20� C (Figure 4.1b). The area is underlain by continuous cold permafrost, with
estimated permafrost temperatures of -11� C to -8� C (Obu et al., 2018).
Quaternary glaciations and marine transgressions have made a mark on the topography and
stratigraphy of the Northern Taymyr Peninsula. The entire peninsula was covered by the
Kara Sea Ice Sheet during the Saalian glacial period (140 - 130 ka; MIS 6; Hjort et al. (2002)).
Deglaciation during the Eemian interglacial (MIS 5e) was followed by renewed glaciation dur-
ing the Early Weichselian in MIS 5d to 5a (Hjort et al., 2004; Batchelor et al., 2019). During
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Figure 4.1: a) Map of the Northern Taymyr Peninsula with the study regions of time-
period 1 (TP1) and time-period 2 (TP2). The Northern Taymyr Ice-Marginal Zones (NTZ
1-3) are shown as dotted line and are taken from M•oller et al. (2011). Basemap: Open-
TopoMap (opentopomap.org). b) Mean annual air temperatures for the average over the
study time period from 2010 to 2021 with temperature data from the weather stations
at Kape Chelyuskin at 77� 43'N, 104� 18'E (rp5.ru, 2022a) and Kape Sterlegov at 75� 24'N,
88� 47'E (rp5.ru, 2022b) as well as averaged ERA5 air temperature data combined over the
total study region (Mu~noz Sabater, 2019). The boarders of the coloured area around the
mean values indicate the minimum and maximum monthly temperature values in the study
time period. The darker region indicate winter months from November to April.)

the Middle and Late Weichselian (MIS 4 to 2) the ice retreated step-wise and also tempo-
rary re-advanced leading to several ice-marginal zones (Northern Taymyr ice-marginal zones
- NTZ) north of the Byrranga Mountains with associated features of glacial, glacio
uvial
and glaciolacustrine deposits including buried glacial ice. The Geocryology of the USSR
also indicate some marine deposits in the region (Proskurnin et al., 2016). Two ice-marginal
zones (NTZ 1 and 2) have been associated with the Early and Middle Weichselian and are
located close to each other. The most recent of these ice-marginal zones stemmed from the
Last Glacial Maximum (NTZ 3) (M•oller et al., 2011). The location of the ice-marginal zones
are shown in Figure 4.1a.

4.3 Methods

4.3.1 DEM generation from TanDEM-X observations

To map RTS-induced volume changes and carbon mobilization, we di�erenced repeat DEMs
generated from interferometric SAR (InSAR) TanDEM-X observations and identi�ed RTS
locations. In total, our dataset contains 991 bistatic single-pol TanDEM-X observations.
The �nal DEMs have a planimetric resolution of 10 to 12 m and vertical accuracies below
2 m in areas with high coherences. We used a standard approach to generate DEMs from
InSAR data and used the TanDEM-X 12 m DEM product as reference DEM to reduce un-
wrapping errors and facilitate orthorecti�cation and tilt removal. We only used observation
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Figure 4.2: TanDEM-X observations over time with Height of Ambiguity on the left and
the computed standard deviation with an assumed coherence of 0.9 on the right. The
period from winter 2010/11, winter 2011/12 to winter 2016/17 is Time-Period 1 (TP1),
the observations from winter 2018/19 to winter 2020/21 is time-period 2 (TP2). In winter
2010/11, winter 2011/12 and winter 2016/17 only ascending (Asc) observations are available,
in winter 2018/19 and winter 2020/21 only descending (Desc) observations are available.
The grey areas indicate the months from November to April where we can expect a frozen
landscape.

taken during the winter months, where a frozen landscape can be expected, since otherwise
sizeable errors are present in the DEM di�erence images (Bernhard et al., 2020).
The temporal coverage allowed us to determine DEMs for the winters 2010/11, 11/12, 16/17,
17/18 and 2020/21. Data for 2020/21 are restricted to only a part of the Northern Taymyr
Peninsula (See Figure 4.1). Furthermore, acquisitions before 2017 are obtained in an as-
cending orbit, whereas after 2017 only observations from a descending orbit are available.
Comparing DEMs obtained from di�erent orbits is prone to substantial errors in rugged
terrain, associated with layover, shadow, and imperfect co-registration. We thus generated
DEM di�erence images for two time periods: 2010/11/12 to 2016/17 (TP1), and 2017/18
to 2020/21 (TP2). The expected vertical accuracies can be characterised by the distance
between the satellite pair and converted to the Height of Ambiguity (HoA), de�ned as the el-
evation change per interferometric phase cycle. We estimated the standard deviation based
on the HoA and the interferometric coherence, a measure of the phase quality (Martone
et al., 2012). In the available time series of observations, the HoA varies between 30 m and
80 m, corresponding to an estimated standard deviation of 1 m to 1.8 m at a coherence of 0.9
(Figure 4.2).

4.3.2 RTS detection, property extraction and error calculation

To identify and delineate active RTSs in the DEM di�erence images we used the semi-
automated method presented in Bernhard et al. (2020) and Bernhard et al. (2022). This
approach works as follow: First signi�cant elevation changes are detected using a multi-
scale blob detection approach. Secondly, false positives are discarded by manual inspection,
retaining only RTSs. Lastly, the area a�ected by RTSs is delineated by the generation of
polygons. In the manual inspection of the detection location, as well as in the delineation
of the a�ected area, we additionally used time-series of Sentinel-2 and Planet Rapid-Eye
images (Drusch et al., 2012; Planet-Team, 2018). For each RTS we computed the volumetric
and area change based on the drawn polygons. To simplify the analysis we normalized the
properties to changes per year.
To estimate the uncertainty of the volumetric changes, we accounted for multiple sources
of uncertainty. The error in elevation is directly related to the noise in the interferometric
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phases and can be estimated using the coherence
 , a measure of decorrelation and thus
for the interferometric phase quality. During winter, systematic errors from dry snow are
negligible and the main contribution to the decorrelation is due to low backscatter intensities
(low signal-to-noise ratio) (Krieger et al., 2007; Rizzoli et al., 2017; Bernhard et al., 2020).
The coherence estimate can be translated into an estimate on the elevation error using the
Cramer-Rao bound:

� H (
; HoA; L) =

p
1 � 
 2



p

2L

HoA
2�

(4.1)

where HoA is the Height of Ambiguity, de�ned as the height change corresponding to one
interferometric phase cycle andL is the number of looks to reduce speckle noise (Kay, 1993;
Krieger et al., 2007).
The estimated elevation error together with an error in the area allows to compute the �nal
error on the volumetric change by:
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whereART S is the area a�ected by RTS retreat,HRT S is the averaged elevations changes of
all pixels (npix )
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� H is the error on the averaged elevations
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and � + ;�
A the upper and lower error in the RTS area. To estimate the error in the area

component we employ an approach based on morphological operations (Figure 4.3). First
we extract the pixels that are covered by the drawn polygon. To estimate the upper bound
we apply a morphological dilation, that increases the size by one pixel on the outside and
compute the area di�erence (� +

A ). The lower bound is estimated in a similar way by applying
an erosion operation (� �

A ). This approach likely overestimates the error but other approaches
like the drawing of polygons by several trained persons was not feasible.
To compute the uncertainties in the ratios between the obtained quantities in TP1 and TP2
we assumed no correlation and used error propagation.

4.3.3 RTS scaling relations

To quantify the relationship between area and volumetric change rates we assumed an
anisotropic scaling with an exponent� , that relates the area and volume change rates by
V � A � . We used an orthogonal distance regression model to �t a straight line in log space
since both variables are a�ected by measurement errors (Boggs and Rogers, 1990; Markovsky
and Van Hu�el, 2007). We calculated the goodness of the �t using the RMSE, R2 and p-
value (in log-space).
To quantify the change in RTS activity in a probabilistic way we studied the probability den-
sity function (PDF) of the volumetric and area change rates per year. The PDF is de�ned
as

p(QRTS ) =
1

NRTS

� NRTS

� QRTS
(4.5)
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Figure 4.3: Schematic of the area error calculation of an RTSs. The lower error is de�ned by
only using pixels when an erosion operation in applied. The RTS area is computed by taking
all pixels that are inside and touched by the drawn polygon. The upper error is computed
using the RTS pixels and apply a dilation operation.

where QRTS indicates the volumetric change, respectively, the area change of RTSs per year,
NRTS the total number of RTS in the inventory, � NRTS the number of RTS with a�ected areas
between QRTS and QRTS + �Q RT S and � QRTS the bin widths. We then �tted a three parameter
Inverse Gamma Function to the sampled data points (Malamud et al., 2004). To estimate the
error of the �t we used a bootstrap algorithm (Ohtani, 2000). We analysed the PDF using
three quantities: the rollover point, de�ned as the peak in the PDF which corresponds to the
most common occurrence in the distribution, the cuto�-point after which the distribution
starts to follow a power law, and the power law scaling parameter� describing this power-
law. For the computation of the rollover point we identi�ed the peak in the �tted Inverse
Gamma Function. For determining the cuto� value and the exponential scaling exponent
we used the method of Clauset et al. (2009) and quanti�ed the uncertainty again using a
bootstrap algorithm.

4.3.4 Mapping RTS-induced organic carbon mobilization

To estimate the amount of carbon that is mobilized due to RTS activity we intersected the
elevation change estimates with the currently most accurate soil organic carbon (SOC) map
available for our study region (Mishra et al., 2021). However, this data set is poorly con-
strained in less studied regions such as the Northern Taymyr Peninsula. In addition, it only
contains data for the uppermost 3 m. Furthermore, RTSs are known to develop at location
with abundant massive ice, of which no datasets are available for our study region.
To account for these limitations we employed the following approach: For the estimation of
the SOC in the uppermost 3 m we use the SOC map by Mishra et al. (2021) (SOC-shallow).
In the SOC map separate values for the 0 - 1 m, 1 - 2 m and 2 - 3 m depths are available. To
estimate the SOC content in the deeper layers (SOC-deep), we employ two models. In the
�rst model (SOC-M1) we �t a linear function to the SOC values in the upper columns and
interpolate to the deeper layers. We computed SOC-deep by integrating the �tted line from
3 m depth till it reaches zero or the depth of the measured elevation change is reached. In
a second model we used an exponential decay function (�e � � ) to estimate SOC-deep (SOC-
M2). In this model the SOC values do not reach zero in deeper layers. See Figure 4.4a for a
schematic comparison of the two models. A decreasing SOC content is consistent with data
of deep carbon measurements from other regions in the Arctic (Strauss et al., 2017).
Additionally to the SOC, the massive ice content needs to be known. Here the data avail-
ability is more scars and uncertain than it is for the SOC content. Yershov, E.D. (1989)
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estimated massive ice-content on the Northern Taymyr Peninsula in the range from 30% to
70%. Other studies that estimated massive ice content at RTS locations have found values
in a wide range. Couture and Pollard (1998) found a massive ice content of 30% in an RTS
in Eureka down to a depth of 5.6 m and Pollard (1990) found massive ice content of up to
85% in RTSs on Herschel Island (both northern Canada). Our study region is part of the
North Taymyr Ice-Marginal zone and it is likely that most RTSs are located in moraine areas
with buried glacial ice which suggests a high ice content (Yershov, E.D., 1989; Alexanderson
et al., 2002). We built two additional models for the massive-ice content in the following
way: We assumed an overburden of 1 m above massive ice, based on �eld observations
by Alexanderson et al. (2002). For the deeper layers we employ two models: Ground-Ice
Model 1 (GI-M1) with a massive ice content of 40% and Ground-Ice Model 2 (GI-M2) with
a massive ice content of 80%. See Figure 4.4b for a schematic visualization of our model
assumptions.
To compute the �nal SOC mobilization we then add SOC-shallow and SOC-deep, consider-
ing the di�erent model assumptions. To calculate the amount of SOC that is mobilized per
RTS we employ the following equation:

SOCRTS =
npixX

i

(SOC> 1m(hi ) + SOC< 1m(hi ) � (1 � GI)) � Apix (4.6)

wherehi is the depth of pixel i , Apix is the area per pixel, SOC< 1m is the SOC content per
pixel in the upper most meter, SOC> 1m the SOC content from 1 m down to a depth ofh
considering SOC Model 1, respectively, 2 and GI returns the percentage of massive ice for
models 1, respectively 2.
To estimate the error of the mobilized carbon, we consider both, the error in the SOC values
as well as in the area and volume. For the error in the SOC values we used the error
provided by Mishra et al. (2021) for each layer in the upper most 3 m. For the deeper layers
we extrapolate the error of the 2 to 3 m range. To account for the error in area and height
we computed a lower and upper error by using the lower respective upper area bound and
then subtract respectively add the standard deviation of the elevation measurements to the
�nal depth.
To gauge the importance of slump-induced carbon mobilization relative to the net ecosystem
exchange (NEE), we compared our results with a recent upscaling study by Virkkala et al.
(2021). This study modelled NEE rates across the Arctic based on �eld data. We used the
data available for our study site and computed the mean and standard deviation from the
provided data for the period 1995 to 2015 and for the year 2015 for the comparison with our
results. Comparing the NEE rates directly to our data is challenging due to the complexity
of carbon mobilization pathways as well as the diverse nature of RTS activity regarding
timing and spatial variability. To nevertheless show the importance of carbon mobilization
due to RTS activity, we use the total amount of mobilized SOC per year in our study region
and normalise the mobilization rate to the study region size of TP2 with the removal of
open sea areas. The size of this region amounts to 25:96� 109 m2. Since RTS activity shows
strong clustering in speci�c regions due to the dependency on soil properties like massive ice
content, this rate depends strongly on the region used for the normalization which should be
taken into consideration when interpreting the result. Since the di�erence between SOC-M1
and SOC-M2 is small, we used the average of the models and compute two SOC mobilization
rates per unit area for the two ground-ice models with the associated error ranges for each
time period.
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Figure 4.4: Schematics of the developed models. a) shows the model assumptions to compute
SOC-deep and associated SOC values for SOC-M1 and SOC-M2. For SOC-M1 we �t a linear
function to the SOC values in the upper 3m to estimate SOC-deep. For SOC-M2 we �t an
exponential function to estimate SOC-deep. The �nal values of SOC-M1 and SOC-M2 are
then the sum of all layers. b) shows the two assumptions for the massive ground ice content
with no massive ice in the upper 1m and below a massive ice content of 40% for Ground-Ice
Model 1 and 80% for Ground-Ice Model 2.

4.3.5 Relationship between RTS initiation and the 2020 Siberian
heatwave using annual Sentinel-2 observations

To relate RTS activity to meteorological drivers, we compiled an annual RTS inventory from
Sentinel-2 data for a small subregion of about 370 km2 and associated RTS initiation with
historic climate data. The climate data are based on the ECMWF ERA-5 hourly data with a
spatial resolution of 0:1� , from which we obtained the 2 m temperature data (Mu~noz Sabater,
2019). To calculate the average values per day we used all grid values covering our study
region. From the daily mean temperatures we then derived the thawing degree days (TDD)
and freezing degree days (FDD) (Boyd, 1976).
To track the formation of new RTS, we compiled an annual inventory of RTSs. The short
summer season and high cloud cover limited that amount of usable data. We generated and
downloaded one cloud- and snow-free image per year and as late as possible in the summer
season. The mosaics were derived for the years 2016 to 2020 at a resolution of 10 m (Bands
2, 3, 4, 8) in the Google Earth Engine (Gorelick et al., 2017). We scanned each obtained
image for thaw slump activity and if such activity was visible, we drew a polygon outlining
the disturbed area. Note that this area is di�erent than the area indicating elevation loss
in the DEM di�erence images. Furthermore, since RTSs form during summer, the �rst year
a RTS is visible does not necessarily correspond to the year of initiation, since the growth
rate needs to be large enough to be visible in the 10 m resolution optical images.

4.4 Results

We investigated the RTS activity on the northern Taymyr Peninsula over two time periods
and computed the area and volumetric change rates for each RTS. In the following paragraphs
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Figure 4.5: Overview of the RTS location and change rates in the study region. In brackets
we show the number of RTSs in each class. a) shows the total study region of TP1 and TP2
with the RTS location. b) shows the yearly volumetric RTS change rates in TP1 zoomed in
to the study region of TP2. c) shows the yearly volumetric RTS change rates in TP2 in the
study region of TP2. Basemap: OpenStreetMap (openstreetmap.org)
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we will present (1) an overview of the general RTS activity with special emphasis on the
change between the two time-periods; (2) the �tted probability density functions with the
estimation of the rollover, cuto� and exponential decay components as well as the estimated
area-to-volume scaling laws; (3) an estimation of the mobilized SOC mobilization rates and
an analyse of the in
uence of our SOC model assumptions; and (4) an investigation of the
relationship between the Siberian heatwave in 2020 and the RTS activity using a mapping
approach based on Sentinel-2 data.

4.4.1 RTS activity in TP1 and TP2

The number of detected active RTSs increased from 82 in TP1 to 1404 in TP2, corresponding
to a 17-fold increase. We can observe that most RTS activities are located close to the
Taymyr Ice-Marginal Zone (Figure 4.5). The study region size of TP1 is much larger than
for TP2 due to the limitations in the available TanDEM-X observation in winter 2020/21.
Nevertheless, the RTS activity in TP1 outside the study region of TP2 was very low with
only 6 RTSs located outside this study region. For the following comparison we only used
RTSs inside the TP2 study region.
The total volumetric and area change rates increased from the �rst to the second time
period (Figure 4.6). The total volumetric change per year increased from about 0:17 to
7:4 � 106 m3 yr � 1 corresponding to a 43-fold increase. The computed errors span over large
ranges around these values. Similar to the total volumetric change rates, the total area
change rate increased 56-fold from TP1 to TP2. When normalized by the number of RTSs,
the volumetric change rate per RTS increased from about 2:3 � 103 m3 yr � 1 RTS� 1 to 5:3 �
103 m3 yr � 1 RTS� 1 corresponding to a 2.3-fold increase. For the average area change rate we
found a 3-fold increase. All values can be seen in Table 1.
We also investigated the subset of RTSs that were active in TP1. Of the 82 RTSs in TP1,
57 showed a continued growth, 19 stabilized (not detectable in TP2) and 6 were outside of
the spatial coverage of TP2. The average area and volume change rates increased for the
subset of the 57 RTSs stronger that for the total population of RTSs; by a factor of 3.9 in
volumetric change rate and by a factor of 4.5 in the area change rate. The main factor of
the strong increase in the total volumetric and area change rates is due to the increase in
RTS number and not due to the enlargement of existing RTSs, although the increase in RTS
growth rates of existing RTSs was larger than for the newly detected ones.

4.4.2 RTS scaling relations

The area-to-volume conversion factor, corresponding to the slope of the �tted lines in Figure
4.7a, decreased slightly from TP1 to TP2. However, this decrease was within the estimated
error range. We estimated the one and two sigma prediction intervals and found that when
using an area measurement of RTS change to estimate the volumetric change the expected
error correspond to about 14% to 16% of the volume for one sigma and about 40% to 45%
for a two sigma prediction interval.
The distributions of the area and volume probability density distributions shifted towards
higher values from TP1 to TP2 (Figure 4.7b and 4.7c). The �t of an inverse gamma function
for TP2 was good with aR2 values of 0.98 for the volumetric change rates and 0.97 for the
area change rates. For TP1 the �t performed worse (R2

area = 0:84 andR2
volume = 0:90). This

is likely related to the low number of RTSs in TP1. The PDFs can be characterised by the
rollover and cuto� locations. The increase in these quantities was similar to the average

100



4.4. RESULTS

Figure 4.6: Increase rates from TP1 to TP2. a) shows the number of RTS, the total yearly
volumetric change rates, the total yearly area change rates, the yearly volumetric change
rates per RTS, and the yearly area change rates per RTS. In b) the ratios between TP1 and
TP2 are shown.

change rates per RTS with increase ratios based on the volumetric change of 1.7 for the
rollover and 2.9 for the cuto�. Similarly the increase ratios based on the area change was 2.9
for the rollover and 4.4 for the cuto�. The exponential decay coe�cient decreased slightly
for both, area and volumetric change rate PDFs, by 2:25� 0:14 to 1:76� 0:13 (volume) and
3:02� 0:37 to 1:97� 0:20 (area). The biggest di�erence between the two time periods was
that the exponential decay part continues for both PDFs to about an order of magnitude
larger values in TP2. All values can be seen in Table 1.

4.4.3 RTS-induced organic carbon mobilization

The estimated SOC mobilization rates based on the two SOC and massive ice assumptions
can be seen in Figure 4.8a with the resulting TP2 to TP1 ratios in Figure 4.8b. For the
SOC model with an exponential decreasing SOC value in the deep layers (SOC-M2) and 40%
massive-ice (GI-M1) we obtained the largest SOC mobilization rates of 13:8 � 106 kgC yr� 1

for TP1 which increased to 378:5 � 106 kgC yr� 1 in TP2. This increase corresponds to an
about 27-fold increase in total SOC mobilization. The di�erence to the linearly decreasing
SOC model for the deep layer (SOC-M1) is small, with 0:5 � 106 kgC yr� 1 reduction for TP1
and 8:5 � 106 kgC yr� 1 for TP2. For GI-M2 with 80% massive ice in the layers below 1 m the
SOC mobilization rates were smaller with 9:9 � 106 kgC yr� 1 in TP1 and 284:0 � 106 kgC yr� 1

for TP2 using SOC-M2 (29-fold increase). Here the di�erence to the SOC-M1 mobilization
rates are even smaller with 0:2 � 106 kgC yr� 1 reduction for TP1 and 2:8 � 106 kgC yr� 1 for
TP2.
The mobilized carbon predominately originates from the upper most meter in our estimates.
For both time periods the yearly volumetric changes rates of this upper most meter con-
tributed about 30% to 35% of the total. Translating the volumetric changes to the associated
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Figure 4.7: a) show the are to volume scaling relation and obtained �tting paramter The
dashed line shows the 95% prediction interval. b) shows the PDFs with �tted inverse gamma
function of the yearly area change rates. c) shows the PDFs with �tted inverse gamma
function of the yearly volumetric change rates.

SOC mobilization, the contribution of the upper most meter is about 60% for GI-M1 and
85% for GI-M2. The deep layers below 3 m contribute about 15% to 20% to the total vol-
umetric change and again computing the associated SOC mobilization the contribution is
about 5% to 10% of the total. Nevertheless, SOC-M2 mobilizes about 40% to 50% more
SOC in the deep layers as SOC-M1 (Figure 4.9).
The error ranges in our estimated SOC mobilization rates are large, spanning ranges that
decrease or increases the SOC mobilization rates by factors of 3 to 4. These large uncer-
tainties arise due to the combination of errors in the area and volumetric change rates of
the mapped RTSs (DEM-related) as well as from the uncertainties in the SOC maps (SOC-
related). The contribution of DEM-related error are generally larger than the SOC-related
error spanning from 1.5 to 2 times larger to up to 8 to 9 times larger error depending on the
model assumptions (Table 2).
The slump-driven OC mobilization rates are of comparable magnitude to the region's NEE
estimated by Virkkala et al. (2021) (Figure 4.10). For TP1 we �nd SOC mobilization rates
per unit area of 0:521:95

0:14 gC yr� 1 m� 2 (GI-M1) and 0:381:30
0:19 gC yr� 1 m� 2 (GI-M2). These rates

increase to 14:4255:70
2:69 gC yr� 1 m� 2 (GI-M1) and 10:8838:44

4:68 gC yr� 1 m� 2 (GI-M2). Using the
data from Virkkala et al. (2021) we estimated yearly NEE rates averaged over our study
region of 4:1 � 13:0gC yr� 1 m� 2 using the averaged data for the 1990 to 2015 period and
10:3 � 12:4gC yr� 1 m� 2 in 2015. A comparison of our SOC mobilization rates and to the
study by Virkkala et al. (2021) can be seen in Figure 4.10.

4.4.4 Annual analysis of RTS initiation

93% of the new RTSs were identi�ed in the year 2020 in the Sentinel-2 imagery, corresponding
to the exceptionally warm year (Figure 4.11). The number of RTSs in the Sentinel-2 study
region in 2016 was 8 and we did not �nd any newly initiating RTSs in the years 2017 and
2018. In 2019 several new RTSs initiated increasing the number of active RTSs to 21. A
further strong increase in 2020 increased the number of RTSs to 270 (Figure 4.11b). Even if

102



4.4. RESULTS

Figure 4.8: a) shows the SOC mobilization rates of RTSs for all model combinations in TP1
and TP2. A 26- to 28-fold increase in mobilization rates is visible.

some increase in RTS activity occurred in 2019, most RTS initation and growth happened in
the summer of 2020. This is also consistent with the high TDDs values during 2020 related
to a Siberian heatwave (Overland and Wang, 2021) (Figure 4.11c). The preceding winter of
2019/20 was also exceptionally warm.
We additionally compared the Sentinel-2 to the TanDEM-X mapped RTSs and noted all
RTSs in the TanDEM-X sample that could be related to Sentinel-2 mapped RTSs. Here we
found that all 8 RTSs that were active in 2016 and the following years were also detected by
the TanDEM-X approach. For the 13 RTSs that initiated in 2019, only 2 could be related
to RTS location in the TanDEM-X RTS dataset (10/21, 47.6%). For 2020, 122 of the total
270 (45.1%) Sentinel-2 RTSs could be associated with TanDEM-X detected RTSs.
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Figure 4.9: Mobilization of Volume and SOC separated by di�erent depth columns in terms
of percentage of total.

Figure 4.10: SOC mobilization rates per unit area and comparison to independent study by
Virkkala et al. (2021) estimating Net Ecosystem Exchange (NEE) rates in our study region.
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Quantity TP1 TP2 Ratio (TP2 to TP1)

Number of RTS [N] 76 1404 17.1

Total Volume [106 m3 yr � 1] 0:170:34
� 0:02 7:4210:89

3:77 42:7890:74
� 8:05

Total Area [106 m2 yr � 1] 0:080:16
� 0:01 4:576:60

2:43 55:89116:89
� 9:03

Volume (RTS) [103 m3 yr � 1 RTS� 1] 2:314:66
� 0:19 5:287:75

2:69 2:324:85
� 0:43

Area (RTS) [103 m2 yr � 1 RTS� 1] 1:082:17
� 0:07 3:254:70

1:73 3:016:24
� 0:48

Rollover (Volume) [102 m3 yr � 1] 6:857:31
6:39 11:5312:21

10:92 1:681:86
1:51

Cuto� (Volume) [10 3 m3 yr � 1] 3:544:09
3:02 10:3512:86

7:84 2:925:11
0:73

Rollover (Area) [102 m3 yr � 1] 3:864:24
3:48 11:3212:45

10:19 2:933:84
2:03

Cuto� (Area) [10 3 m3 yr � 1] 1:631:90
1:37 7:128:90

5:34 4:379:26
� 0:53

SOC-M1 GI-M1 [106 kgC yr� 1] 13:2849:67
3:68 370:031431:43

69:51 27:86138:86
� 2:43

SOC-M2 GI-M1 [106 kgC yr� 1] 13:8051:49
3:83 378:481480:57

70:38 27:43135:86
� 2:42

SOC-M1 GI-M2 [106 kgC yr� 1] 9:7333:41
4:96 281:13993:18

121:82 28:88129:31
7:01

SOC-M2 GI-M2 [106 kgC yr� 1] 9:9134:02
5:01 283:951002:89

121:82 28:66129:31
7:01

SOC per unit area GI-M1 [gC yr� 1 m� 2] 0:521:95
0:14 14:4255:70

2:69 27:64137:10
� 2:43

SOC per unit area GI-M2 [gC yr� 1 m� 2] 0:381:30
0:19 10:8828:44

4:69 28:77129:79
7:10

Table 4.1: All computed quantities for TP1 and TP2 and their ratios including the computed
error.

Model and TP DEM-rel. DEM-rel. SOC rel. DEM (low)/ DEM (up)/

lower error upper error error SOC error SOC error

SOC-M1, GI-M1 (TP1) 9.39 18.94 5.54 1.69 3.42

SOC-M2, GI-M1 (TP1) 9.54 19.69 5.55 1.72 3.55

SOC-M1, GI-M2 (TP1) 6.98 13.05 1.65 4.24 7.92

SOC-M2, GI-M2 (TP1) 7.03 13.30 1.65 4.26 8.08

SOC-M1, GI-M1 (TP2) 214.77 546.12 145.25 1.48 3.76

SOC-M2, GI-M1 (TP2) 215.68 558.30 145.30 1.48 3.84

SOC-M1, GI-M2 (TP2) 165.46 386.99 43.93 3.77 8.81

SOC-M2, GI-M2 (TP2) 165.76 391.05 43.95 3.77 8.90

Table 4.2: SOC mobilization rate error contribution separated in DEM-related and SOC-
related. The units in the DEM and SOC related �elds are: 106 kgC yr� 1
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Figure 4.11: a) shows an overview of the Sentinel-2 study region and location of the mapped
RTS color coded by the year of initiation. b) shows the number of mapped RTSs per year.
c) shows the TDDs (summed over each year) and FDDs (summed over winter period) from
2010 to 2020. The marker location correspond to the �rst of June of each year for the TDDs
and �rst of January corresponding to that winter for the TDDs.

4.5 Discussion

4.5.1 Acceleration of RTS activity on the Northern Taymyr Penin-
sula

Our regional satellite-based assessment revealed a large increase in the number of RTSs and
the associated total volumetric change rates. The number of RTSs increased 17-fold from the
�rst time period from 2010/11 to 2016/17 to the second from 2017/18 to 2020/21, while the
volumetric change rate increased 40-fold. The landscape change was thus driven primarily
by RTS (re-)initiation, although the volumetric change per RTS also increased somewhat by
a factor of two.
The exceptionally warm year of 2020 coincided with a more than 10-fold increase in the num-
ber of RTSs visible in the Sentinel-2 images. 2020 was characterized by a very warm winter
and a record warm summer, with TDDs twice as high as on average. Mass initiations of
RTSs following extreme summer temperatures have been documented on the Canadian Arc-
tic Archipelagos (Jones et al., 2019; Lewkowicz and Way, 2019) and the Yamal Peninsula in
Siberia (Khomutov et al., 2017). This study is the �rst that identi�ed such an initiation event
for RTSs on the Northern Taymyr Peninsula. Similar to the Canadian Arctic Archipelago,
the thin organic layers, �ne-grained sediments and near-surface massive ground ice render
hillslopes susceptible to shallow slope failures. These in turn develop into RTSs as ground
ice is continually exposed. The inventoried RTSs �rst detected in 2020 (Figure 4.11a) are
on regular hillslopes and not adjacent to water bodies. Taken together, these observations
indicate that ice-rich hillslopes in cold permafrost are particularly sensitive to extremely
warm temperatures.
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Most RTSs in our sample are located close to the Northern Taymyr Ice-Marginal zone of the
Wechsilian Last Glacial Maximum (NTZ 3), identi�ed by M•oller et al. (2011). The region
is characterized by glacial and glacio
uvial surface features and often contain buried relic
glacial ice. This �nding agrees with a previous study by Kokelj et al. (2017) in northern
Canada where RTSs are found at the maximum and recessional positions of the Laurentide
Ice Sheet.

4.5.2 RTS scaling relations and their response to a strong initia-
tion event

The area-to-volume scaling of the RTSs varied slightly over time, despite the 2020 heatwave,
indicating a robustness of the relationship to such an event. The area-to-volume scaling
coe�cient � was low throughout, with an alpha of about 1 corresponding to RTSs whose
growth is predominantly driven by an increase in area. The smaller� estimate of 1.02 in TP2
could be associated with the predominance of juvenile RTSs formed in 2020. Furthermore,
RTSs in our study region are predominantly shallow and elongated, in contrast to RTSs with
large headwalls elsewhere (Bernhard et al., 2022). For landslides studies di�erent scaling co-
e�cients for di�erent terrain and soil types as well as landslide sizes have been proposed
to reduce errors when estimating volumetric change rates from area changes (Larsen et al.,
2010; Chen et al., 2019). Such an approach should also be considered for RTS area-to-volume
conversions.
On the other hand, the probability density distributions described by the rollover and cuto�
values shifted to larger values, similar to the increase in the average RTS growth rates. Ad-
ditionally, the exponential decay part of the distribution extended to an order of magnitude
larger RTSs in area and volumetric change rates. This indicates that with climate warming
the distribution of RTS change rates can shift towards larger values and is not stable inside
a region.

4.5.3 Substantial organic carbon mobilization from RTSs

Our novel satellite-based assessment of RTS-induced organic carbon mobilization revealed a
substantial acceleration during the study period. The estimated carbon mobilization per year
increased approximately 28-fold from the �rst to the second time period. This acceleration
was predominantly due to the large number of new RTSs in the second period, with most
new RTSs being detected after the 2020 heatwave. The complex non-linear response of the
Arctic carbon cycle to summer temperatures necessitates regular satellite-based monitoring.
While the acceleration in carbon mobilization is clearly evident, the magnitude of the rates
is uncertain due to a multiple of error sources, like the strong modelling assumptions and
observational errors. The �rst assumption, SOC content below< 3 m, had a limited impact
on the estimated mobilization because the mobilization of shallow materials was dominant
(Figure 4.9). Nevertheless, the exponential decay model mobilized about double the amount
of SOC in these deep layers compared to the linear model. Our assumption for the massive-
ice content with 40% and 80% massive ice below 1 m, showed larger variabilities of about
30% to 40% in the total SOC mobilization rates. The largest error was found to be due
to observational uncertainties in the volume changes measurements. Additional TanDEM-X
observations as well as combinations of di�erent data-sources like optical RTS mapping or
the ArcticDEM have the potential to decrease this DEM-related error contribution.
Additional to the errors related to the modelling assumption and errors in the estimated
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volumetric change rates, several other error sources are present which are di�cult to quantify.
The comparison to the Sentinel-2 mapped RTSs has shown, that about 50% of RTSs are
missed in the TanDEM-X mapping approach. This is likely due to small headwall heights
and relative recent initiations in summer 2020. But the missed RTSs can potentially mobilize
a signi�cant amount of organic carbon, due to typically larger soil organic carbon contents
in the upper soil layer. On the other hand, RTS re-initiation can lead to an overestimation
of the amount of mobilized carbon, since the upper soil layer with high carbon contents has
already been mobilized. Regarding mapping errors, we tried to estimate the error in the
area change by increasing and decreasing the size of the drawn polygons. Additional human
errors in drawing the polygons are possible and not included in the error estimation. An
approach taken by previous studies (e.g. Lewkowicz and Way (2019)) were polygons were
drawn multiple times by di�erent trained persons was not feasible. Furthermore, relating
the changes to individual RTSs becomes di�cult for RTSs in close proximities and due to
RTS coalescence. In this study we separated RTSs based on the induced elevation changes.
RTSs that seem connected based on the induced vegetation changes obtained from optical
and infrared observations could thus be related to multiple RTSs in our RTS inventory. This
can occur if these RTSs are only connected by small or slow moving headwalls or by the 
ow
of the thawed soil downwards.
Our mobilization estimates show that RTSs are an important part of the carbon cycle on
regional scales. The mobilized organic carbon is of at least the same order of magnitude
as the NEE, when normalized by the total area. It is to note, that in this study we only
estimated the amount mobilized carbon. The fate of this mobilized carbon is uncertain
and depends strongly on its decomposability and the general landscape setting (Cassidy
et al., 2017; Br•oder et al., 2021). The timing and amount of greenhouse gases released
from RTS-mobilized organic carbon is thus di�cult to quantify (Vonk and Gustafsson, 2013;
Abbott and Jones, 2015; Turetsky et al., 2020). Slump-induced mobilization can nevertheless
greatly a�ect the overall carbon balance of a region, even if only a part of the mobilized
carbon becomes part of the active carbon cycle. Our estimation of the large scale carbon
mobilization rates due to RTS activity is a �rst step to a better quanti�cation of the impact
of degrading permafrost on the permafrost carbon feedback.

4.5.4 Towards Pan-Arctic monitoring

SOC mobilization due to thermokarst development and more speci�cally due to RTS activity
are not included in current global climate models. Turetsky et al. (2020) has estimated that
hillslope thermokarst features can contribute up to 20% of the general permafrost carbon
release in the future. With this study we have further con�rmed that the carbon mobilization
potential due to RTSs can be signi�cant and occur in a non-linear, rapid way. This rapid
mobilization and the strong spatial variability of RTS activity across the Arctic highlights
the importance of observing RTS mobilization rates in the future.
Accurate elevation measurements are important for pan-Arctic monitoring, but the available
TanDEM-X observations have limitations. A major limitation in our dataset is due to
the disparate look directions (ascending and descending passes), which change the spatial
ground resolution related to aspect in presence of topography. The emerging uncertainties
can be mitigated by more frequent observations in variable orbit passes. Additional to the
spatial resolution, the vertical height resolution is important and mainly depends on the
distance between the satellites, characterized by the Height of Ambiguity. Observations
with small Height of Ambiguities have the disadvantage of impeded phase unwrapping, but

108



4.6. CONCLUSION

due to relatively small variation in the topography, the unwrapping procedure is manageable
and such observations can reduce the vertical height accuracy signi�cantly. Future single-
pass InSAR missions may provide more accurate and frequent elevation data at a higher
resolution. Additionally, other DEM datasets like the ArcticDEM can improve the RTS
volumetric change estimates (Morin et al., 2016).
Satellite-derived carbon mobilization estimates require accurate SOC and massive ice content
products. More accurate SOC and massive ice content data with accurate error estimates,
speci�cally for RTS locations are highly desirable. RTS locations are special in the regard
that they develop in high ground ice settings. Furthermore, accurate estimates of the deep
carbon are important when applying our methodology on regions containing RTSs with
large headwall heights. Furthermore, models predicting greenhouse gas release from SOC
mobilization rates are needed to quantify the impact of the hillslope thermokarst contribution
to climate change.

4.6 Conclusion

Elevation change estimates from TanDEM-X observations reveal a substantial acceleration
of RTS activity and mobilized carbon on the Taymyr Peninsula in Siberia between 2010 to
2021. We found that that the number of RTSs and volumetric and areal changes increased
substantially with for example a 40-fold increase in the volumetric change rates. We at-
tribute the increase to the mass initiation of new RTSs during the 2020 heatwave, based on
Sentinel-2 image analysis over a small subregion.
An approximately 28-fold increase in the mobilization of organic carbon accompanied the
increase in RTS activity. This �rst satellite-driven regional assessment was based, in addi-
tion to the TanDEM-X elevation changes, on a soil organic carbon map, and assumptions
about the soil organic carbon at depth below 3 m and two critical assumptions about the
massive ice content. Our sensitivity analyses indicates that the in
uence of the assumptions
on the estimates is small compared to the overall 28-fold increase in mobilization rates. On
regional scales, the large mobilization from winter 2017/18 to winter 2020/21 is of at least
the same magnitude as the estimated Net Ecosystem Exchange.
Our �ndings show that hillslope thermokarst can be a major, but largely neglected compo-
nent of the Arctic carbon cycle. The amount of carbon mobilized by RTSs responded sharply
and non-linearly to warming, underscoring the sensitivity of upland landscapes underlain by
cold ice-rich permafrost to increasing temperatures. While the fate of the mobilized carbon
(mineralization, burial) remains poorly constrained, the magnitude of the 
ux necessitates
its regular monitoring, inclusion in Arctic carbon budgets and incorporation into land sur-
face models. Satellite remote sensing will be an indispensable tool for monitoring carbon
mobilization by permafrost mass wasting across the Arctic.

Data availability

Locations, polygones and extracted properties of RTSs are available at:https://doi.org/
10.3929/ethz-b-000529493 . Sentinel-2 are available from the Copernicus Open Access
Hub (https://scihub.copernicus.eu ). TanDEM-X CoSSC data are not freely available
but can be requested from the German Aerospace Center (DLR) and accessed through the
EOWEB (https://eoweb.dlr.de )
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Chapter 5

Conclusions

5.1 Summary and implications

5.1.1 DEMs generated from TanDEM-X observations can be used
for RTS mapping

The main objective of this thesis was to use TanDEM-X observations for the investigation of
Retrogressive Thaw Slumps (RTSs). In the �rst part (Chapter 2) I investigated the possibil-
ities and limitations of using TanDEM-X data for RTS mapping. First I set up a processing
chain to generate digital elevation models (DEMs) from the TanDEM-X observations. I
generated DEMs for two contrasting study site regarding topography, vegetation and RTS
characteristics in northern Canada and obtained DEM di�erence images over a 4 to 5 year
time-frame. I found that during spring and summer late-lying snowpacks and vegetation
growth lead to substantial errors. To mitigate this problem I only used winter observations
in which, due to the low winter temperatures in the Arctic, the microwave signal can prop-
agate through the frozen snow without being a�ected. But in these winter observations,
waterbodies are an additional error source, due to the bed-fast ice at the lake shores and

oating lake ice where apparent elevation changes can arise. To overcome this problem I
used the available TanDEM-X observations in summer (low backscatter over open water)
and if these were not available optical Sentinel-2 images to generate a waterbody mask and
used it to mask lake areas. With this approach I could remove the most prominent error
sources. I then used the estimated coherence, a measure of the height accuracy, to gen-
erate maps of a test score that indicates how signi�cant an elevation change is. On these
test score maps I applied a blob detection algorithm to detect signi�cant elevation changes.
Here several parameters have to be set which change the number of true (RTS) and false
(non-RTS) detections. I compared di�erent parameters setting and continued with a setting
where the number of RTS detections is high without too many false detections. For the two
investigated study sites this gave a total of 1302 detections of which 954 (73% - positive
predictive value) correspond to active RTSs.
To further improve this result I investigated how di�erent classi�ers (simple threshold-based,
Random Forest (RF), Support-Vector-Machine (SVM)) can separate the detections into RTS
and non-RTS detections. Additional to the volumetric change at the detection locations I
used the maximum and mean slope as well as the circular variance as input properties. With
this approach I found classi�cation accuracies of 85 to 90% for the two machine learning clas-
si�ers (RF and SVM) and 75 to 80% for the simple threshold based method. But this came
with a caveat, in the investigation of the transferability of the classi�cation algorithms I
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found that the simple-threshold based method outperformed the two machine learning clas-
si�ers.
Another important quantity to assess the detection algorithm is the number of undetected
RTSs. An estimation of this number is di�cult since RTS size, headwall height and retreat
rate during the investigated time period need to be known, but are not available. In order
to give an estimation of the number of missed RTSs I compared the mapped RTSs to an
optical mapping study in one of the study sites that party overlapped with our study time
period. I found that about 26% of RTSs in the optical RTS inventory are not detected with
my approach. Possible reasons for these missed RTSs are small headwall heights and/or
small retreat rates.
To conclude this �rst part, I could show that DEM di�erence images generated from TanDEM-
X observations can be used for the detection of RTSs. The use of only winter observations
and the generation of a waterbody mask allowed to mitigate the most dominant error sources
of wet snow-packs and vegetation during spring and summer as well as lake ice in winter.
The developed detection method showed good results with a positive predictive value of
73% and 26% of missed RTSs when compare to an optical mapping study. The classi�cation
algorithms improved the results but its transferability showed limitations.

5.1.2 RTS inventories based on temporal DEM changes open up
new possibilities for RTS investigations across the Arctic

In the second part (Chapter 3) I applied the developed detection algorithm on several study
sites across the Arctic. The TanDEM-X data availability in terms of time-frame (winter
2011/12 to winter 2016/17) and height accuracies where similar for all study sites allowing a
direct comparison. In the �rst part (Chapter 2) I only detected point locations, correspond-
ing to signi�cant elevation changes and used a square window of di�erent sizes around this
location for the property extraction. In reality, RTS can have di�erent forms, sizes and can
occur in close proximity, which made an automatic outline of the area that is a�ected by
elevation loss corresponding to individual RTS di�cult. I decided to start with the result
of the blob detection algorithm and classi�ed and outlined the RTS a�ected areas manually,
using additional optical Sentinel-2 and Rapid-Eye imagery to discard false detections. This
lead to an RTS inventory with a total number of 1853 RTSs, distributed over the 10 study
sites. From this it was possible to extract several RTS characteristics like the volumetric
and area change rate as well as slope, aspect and the adjacency to waterbodies.
The generated RTS inventory is a unique data-set in the sense that for the �rst time vol-
umetric change rates of RTSs over large and contrasting Arctic regions are available. In a
�rst step I analysed this dataset in an approach that is commonly used for landslides in
temperate climate zones. This entailed the investigation of the probability density func-
tions of the volumetric and area change rates and the volume-to-area scaling. Both of these
distributions show similar behaviours for landslides in di�erent environmental settings but
with di�erences in the characterizing parameters, for example in the slope describing the
volume-to-area relationship.
My �rst objective was to investigate if this approach can also be applied on RTSs, since their
evolution, driven by the melting of massive ice in the headwall as well as the retreat over
multi-year time-scales, are di�erent than for landslides. I could show that RTSs can indeed
be described by such probability density functions with the distinct features of a rollover,
cuto� and an exponential decay for large RTSs and that furthermore this distribution varied
between the study sites. For example the distribution describing RTSs in three of the study
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sites in northern Canada (Peel Plateau and Richardson Mountains, Banks Island, Ellesmere
Island) are shifted towards higher change rates, compared to the study regions in Siberia,
Russia.
In the analysis of the area-to-volume scaling law I found that it was well described by a
power law which could allow to estimate RTS volumetric changes if only area changes are
available. The exponential scaling exponents showed some variability between the sites, in-
dicating that regional characteristics need to be taken into account when applying such a
relationship.
In the analysis of the terrain controls (aspect, slope, location) I found that it is mostly
consistent with past studies for example a preferred south-west orientation for RTSs in the
Siberian study sites and that RTSs grow at slopes ranging from 3� to 20� . In the analysis
of the correlation coe�cients between the di�erent parameters no signi�cant relationship to
RTS size was evident, indicating that other factors like ground ice-content or the climatic
history plays a more important role.
To conclude this second part, I showed that RTSs area and volume change probability den-
sity functions as well as area-to-volume scaling laws that are known from landslides studies
can also be applied on Arctic RTSs. The individual study sites showed some variations in
the exact form of these distributions. This probabilistic approach of using density functions
for RTS characterisation could provide valuable insights regarding susceptibility mapping
and the modelling of future RTS evolution on a pan-Arctic scale.

5.1.3 RTSs activity on the Taymyr Peninsula intensi�ed in re-
sponse to a heatwave and in the process mobilizes large
quantities of organic carbon

In the last part (Chapter 4), I came back to a single study site, located on the north-
ern Taymyr Peninsula in Siberia, Russia. Newly taken TanDEM-X observations allowed to
contrast RTS activity between two time period (TP1: 2010/11 to 2016/17, TP2: 2017/18
to 2020/21). Furthermore, an extraordinary heatwave occurred at the end of the second
time-period (�rst half of 2020), allowing to investigate the response of the previous obtained
scaling relations to such an event.
The �rst objective was to process the available data and apply the developed RTS mapping
methods to generate an RTS inventory. In the analysis, I found that from the �rst to the
second time-period, the number of RTSs (82 to 1404) as well as the total volumetric (43-fold
increase) and area (52-fold increase) change rates increased signi�cantly. Since the averaged
per RTS change rates increased only by a factor of 2 to 3, it is evident that the observed
surge in RTS activity was mainly driven by the initiation of new RTSs. With the use of
annual Sentinel-2 imagery, I could show that the strong increase in RTS number occurred
in 2020 and thus coincides with a severe Siberian heatwave. This opened up the question of
how the scaling relations discussed in Chapter 3 vary after such an event. Here I found that
the area-to-volume scaling varied only slightly, indicating a robustness of the relationship
to such an event. In the analysis of the probability density distributions however, I found
that the rollover and cuto� values shifted to larger values and that the high-end tail of the
distribution continued to an order of magnitude larger change rates.
Another important objective of this work was the quanti�cation of the amount of soil or-
ganic carbon that was mobilized due to RTS activity. At the core of this analysis are the
TanDEM-X elevation changes and a soil organic carbon map of the upper 3 m of soil. On
this basis I build a model to estimate the unknown carbon content in the deeper soil layers
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as well as a second model with assumptions about the massive ice content. Using these mod-
els I obtained an approximately 28-fold increase in the mobilization of organic carbon from
TP1 to TP2. Normalizing the carbon mobilization rates to the study region yields values
of 11 gC yr� 1 m� 2 with a con�dence interval of 5 to 38 gC yr� 1 m� 2. To put these values in
perspective I compared it to an independent estimate of the Net Ecosystem Exchange which
gave values of about 4:1 � 13:0 gC yr� 1 m� 2 averaged over the study region. This illustrates
the importance of RTS activity to the Arctic carbon cycle. The strong non-linear increase
also underscores the sensitive of the carbon mobilization due to RTS activity in response to
extreme events.
To conclude, I showed that with the availability of additional TanDEM-X observations the
temporal change of the area and volumetric change rates can be investigated. I could at-
tribute an observed surge in RTS activity to a recent Siberian heatwave with the additional
usage of annual Sentinel-2 imagery. I investigated the area-to-volume scaling and probability
density functions and found that the area-to-volume scaling did not change signi�cantly in
spite of a signi�cant initiation event. On the other hand the probability density functions
shifted towards larger values. The modelling of the associated carbon mobilization showed
that RTSs can be a major, but largely neglected component of the Arctic carbon cycle.
The amount of carbon, mobilized by RTSs responded sharply and non-linearly to warming,
underscoring the sensitivity of upland landscapes underlain by cold ice-rich permafrost to
increasing temperatures. Regular monitoring and the inclusion of RTSs in Earth system
models is highly desirable.

5.2 Outlook

With my work on RTSs I opened up several new pathways for the investigation of RTSs on
large scales. TanDEM-X observations are available for the whole pan-Arctic in the winter of
2010/11/12 and in winter 2016/17 allowing to extend the study sites of the presented work.
Additionally, several Arctic regions that experience RTS activity have additional observa-
tions from 2017 onward. The two biggest challenges in the generation of a pan-Arctic RTS
inventory based on the TanDEM-X DEM di�erences is the high demands on the computer
infrastructure as well as the need for a fully automated detection and delineation method
for RTSs. With the recent advances in machine learning algorithms, for example in image
segmentation, and with the availability of the extensive RTS inventory that I generated
during my work, the task of automated detection and delineation can be tackled again.
Furthermore, a more detailed error analysis including the impact of di�erent orbit paths on
the height accuracies is important. I did not compare DEMs generated from ascending and
descending orbits due to di�culties for a precise coregistration. This task can be revisited
to increase the number of usable DEM di�erence pairs. Other data-sets based on airborne
LiDAR measurements or photogrammetry based elevation models could be used for com-
parisons and accuracy assessments.
The derived scaling relations can be relevant for modelling and predicting RTS activity. By
determining the rollover, cuto� and power law decay exponent of the probability density
function for a region, the number of RTSs for various sizes can be estimated by multiplying
the probability by the total number of RTSs. Thus understanding the determining factors of
the rollover, cuto� and the power law decay exponent is very valuable. For landslides studies
these coe�cients have been associated with a manifold of soil properties (soil cohesion, soil
moisture, pore pressure, internal friction) and topographic features (slope angle and length,
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relief) (Pelletier et al., 1997; Korup et al., 2007; Frattini and Crosta, 2013; Qiu et al., 2018).
For RTS probability density functions it is likely that similar topographic and soil properties,
like the amount of massive ice, overburden thickness or the steepness of terrain can explain
rollover and cuto� values and exponential decay coe�cients. Explaining the variability be-
tween regions as well as the temporal changes are critical components for the incorporation
in general Earth system models and for speci�c RTS susceptibility mapping.
The area-to-volume scaling law opens up the possibility of using RTS area change measure-
ments to infer the associated volumetric change (Tebbens, 2020). This would allow to use
the extensive datasets of optical mapped RTSs for an assessment of the volumetric changes.
When applying this approach it needs to be analysed how the optical, spatial area change
is related to the area change in the DEM di�erence images, a possible bias due to measured
spatial area changes of RTSs that do not have large enough headwall heights to be visible in
the DEM di�erence images, as well as an analysis of the determining factors of the variability
in the scaling coe�cients between regions.
The method of estimating the carbon mobilization rates of RTSs can in principle be applied
on the whole pan-Arctic landscape, but a detailed analysis of the possibilities and limitations
is needed. Here several error sources in addition to the measured volumetric changes are
important. For example the used soil organic carbon maps are spatially interpolated to cover
the whole Arctic landscape and thus have a strong spatial correlation. Furthermore, RTS lo-
cations are special in regard of high ground-ice contents and di�erent carbon stocks than the
surrounding are possible (e.g. RTS-reinitialisation). Additionally deep carbon stocks (< 3 m)
are not available and need to be estimated introducing an additional error source. An anal-
ysis of RTSs in Northern Canada or other parts of Siberia with large RTS headwall heights
would be an interesting �rst study case to investigate the di�erent error sources. Incorpora-
tion of data from �eld studies (e.g. massive ice content), improved soil organic carbon maps
especially for the deep soil layers or other data-set like land classi�cation maps can further
improve the carbon mobilization models that I developed.
Higher resolution Arctic DEMs in regard of spatial, vertical and temporal resolutions are
very desirable for the study of RTSs. For large scale RTS mapping projects based on single-
pass InSAR observations, winter observations are best to reduce the error sources. Without
the TanDEM-X mission this work would not have been possible and a subsequent single-
pass SAR missions can further advance the �eld of RTS studies. In this regard di�erent
wavelength can be used. To archive a higher spatial and height resolution short wavelength
(e.g. Ku-Band, 12 to 18 GhZ, 1.7 to 2.4 cm) could be used. The two main drawbacks of
Ku-Band SAR observations are no penetration in vegetation and a fast decorrelation for
InSAR applications. A single-pass con�guration can overcome the limitation of a fast tem-
poral decorrelation. Winter observations, as in the case for X-Band TanDEM-X observations,
should allow to measure the surface topography, especially in the vegetation sparse, northern
Arctic regions. Single-pass InSAR missions at longer wavelength (> 10 cm, e.g. L-Band) have
lower resolutions but due to a higher penetration depth in vegetation, it could potentially
be used to study RTS evolution during a summer season. New single-pass InSAR missions
are highly desirable especially regarding the monitoring and quanti�cation of the pan-Arctic
RTS activity to a warming climate.
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