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A B S T R A C T

Climate change has led to stronger warming in the Arctic, causing higher ground temperatures and extensive
permafrost thaw. Retrogressive Thaw Slumps (RTSs) represent one of the most rapid and considerable
geomorphological changes in permafrost regions, occurring when ice-rich permafrost is exposed and thaws.
However, large-scale quantification of RTS-related mass wasting in Arctic permafrost landscapes is currently
lacking, despite its importance to understand impacts on local environments and the global permafrost carbon
cycle. Generating differential digital elevation models (dDEMs) from TanDEM-X single-pass Interferometric
SAR (InSAR) observations enables us to quantify volume changes induced by rapid permafrost thaw. To extend
this capability across the entire Arctic permafrost region, automation in data processing and RTS detection is
essential. This study introduces a method that employs deep learning on InSAR-derived dDEMs to map RTSs
and quantify volume changes from RTS activity. We chose eleven study sites with a total area of 71 400 km2

to reflect the diverse character of Arctic environments for model training, testing, and inference. Our trained
UNet++ model delivers a scalable solution for mapping RTSs and quantifying mass wasting towards a pan-
Arctic scale, achieving segmentation accuracies of 0.58 (Intersection over Union) and classification accuracies
of 0.75 (F1) on previously unseen test sites, with volume change estimates from model predictions being within
± 20% of the actual values. We found a total of almost 5000 RTSs active between 2010 and 2021 with volume
change rates between 40.75m3yr−1km2 for sites in the Siberian to 1164.11m3yr−1km2 in the Canadian Arctic.
1. Introduction

Climate change has accelerated Arctic warming, causing widespread
permafrost thaw (Biskaborn et al., 2019; Olefeldt et al., 2016).
Thermokarst development stems from disturbances such as high sum-
mer temperatures, heavy precipitation, hydrological changes, tundra
fires, and human activities (Grosse et al., 2011). Retrogressive Thaw
Slumps (RTSs) are one extreme form of hill slope thermokarst, arising
from slope failure following the thawing of ice-rich permafrost (Kokelj
et al., 2017). In summer, RTSs extend upslope as massive ice on the
headwall thaws, moving the thawed material downslope and creating
complex and heterogeneous landforms (Burn and Lewkowicz, 1990).
RTSs are prevalent throughout the Arctic, with sizes varying from
0.001 to 1 k m2 (Nesterova et al., 2024). Their headwalls can retreat
by up to tens of metres annually (Kokelj et al., 2015; Lacelle et al.,
2015; Ramage et al., 2018). RTSs often cluster regionally, affecting
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ecosystems and hydrology by altering ground thermal regimes, af-
fecting sediment and geochemical fluxes, and influencing landscape
dynamics and carbon cycles (Turetsky et al., 2020). The rise in ground
temperature in recent decades has intensified RTS activities, as shown
by the increase in the number and size of RTSs, faster retreat rates, and
the increase in mass wasting (Schuur et al., 2015; Lewkowicz and Way,
2019; Ward Jones et al., 2019; Segal et al., 2016; Runge et al., 2022;
Bernhard et al., 2022a).

Large-scale RTS mapping and mass wasting quantification are cru-
cial to understanding the impacts of RTSs on ecosystems and the carbon
cycle. Advances in satellite remote sensing facilitate large-scale moni-
toring of RTS dynamics (Lantz and Kokelj, 2008). Previous research has
primarily focused on optical and infrared satellite imagery to (semi-
)automatically detect RTSs and track their planimetric changes over
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time, using indicators such as vegetation loss and soil disturbance in the
scar zone (Yang et al., 2023; Nitze et al., 2021; Huang et al., 2022; Xia
et al., 2022, 2024; Lin and Knudby, 2023; Runge et al., 2022). RTSs typ-
cally exhibit headwalls and scar zones characterised by bare ground,
esulting from the removal of previously intact vegetation. However,
he complex and heterogeneous nature of RTSs in different Arctic
andscapes can make this distinction uncertain, and it may not always

directly indicate the actively eroding area of an RTS. Therefore, optical
image analysis alone is not sufficient to identify the active erosion area
and, more crucially, the associated erosion volume given the three-
dimensional nature of RTS processes. In contrast, time-series analysis
of Digital Elevation Models (DEMs) reveals topographical changes,
allowing a direct estimate of the area affected by RTS activity, as
well as quantification of material erosion volumes (Bernhard et al.,
2020; Van Der Sluijs et al., 2023; Kokelj et al., 2021). To measure this
volume, differential DEMs (dDEMs) can be created by subtracting two
DEMs obtained at different observation times. However, DEMs with
suitable spatial and temporal resolution that cover the entire Arctic
are scarce. One notable example is the ArcticDEM product, which
features DEMs generated by optical stereo photogrammetry (Porter
t al., 2018). Although ArcticDEM delivers high spatial resolution,

its temporal coverage and accuracy vary, posing challenges for RTS
analysis (Dai et al., 2024; Huang et al., 2023). Optical data collection
is generally challenged by cloud cover and low sunlight in high lati-
tudes, reducing image quality and availability. An alternative method
to generate suitable DEMs employs Interferometric Synthetic Aperture
Radar (InSAR) from the German TanDEM-X satellite mission. This
approach delivers DEMs with a spatial resolution of approximately 10
m and a vertical accuracy of 2–3 m in flat terrain (Bojarski et al.,
2021; Krieger et al., 2007). The effectiveness of single-pass InSAR
in RTS mapping and volume change quantification has been proven
with TanDEM-X DEMs at several Arctic study sites (Bernhard et al.,
2020, 2022a). However, to the authors’ knowledge, no quantitative
study on the amount of mobilised material from RTS activity has
been carried out for large spatial scales. This task requires reliable
nd automated RTS detection methods for dDEMs. Traditional machine
earning encounters difficulties (Bernhard et al., 2020), but advances
n deep learning have substantially transformed computer vision tasks

in remote sensing. Transfer learning utilises pre-trained deep learning
odels, thus requiring less training data and providing an improved ap-
rehension of spatial context (Zhu et al., 2017). Semantic segmentation

with convolutional neural networks effectively detects RTSs in high-
resolution optical satellite images (<5 m). The best performing models
achieved mean IoU scores from 0.58 with UNet++ (Nitze et al., 2021)
o 0.71 with UNet3+ (Yang et al., 2023), and F1 scores from 0.8 with

UNet (Witharana et al., 2022) to 0.85 with DeepLabV3+ (Huang et al.,
2022) in the Arctic and the Beiluhe region in China. One study used
he ArcticDEM for semi-automated RTS detection in the Arctic using an
bject detection model combined with image segmentation techniques

and manual filtering and validation of the final predictions (Huang
et al., 2023).

In this study, we used DEMs that were generated from bistatic
InSAR observations for Arctic RTS mapping. The objective is to evaluate
the potential of automated semantic segmentation with established
deep learning models for DEM-based detection of RTS activity and
quantification of material erosion volumes that allow for upscaling to
large permafrost regions. Specifically, we:

1. manually annotated RTS instances on dDEMs across multiple
Arctic study sites and objectively assessed labelling accuracy
among different domain experts to establish a comparable base-
line;

2. trained and tested several deep learning models on dDEMs for
the binary semantic segmentation of RTSs;

3. evaluated the accuracy of active area and volume change rate
predictions to ensure high-quality, large-scale monitoring of RTS
mass wasting.
2 
4. predicted RTS activity including quantification of volume change
for eleven study sites with a total area of 71 400 k m2 between
2010 and 2021 based on TanDEM-X derived dDEMs.

2. Materials and methods

We combined DEMs and deep learning to map RTS mass wasting ac-
ivity in Arctic permafrost. First, we outline the selected study sites and

the availability of TanDEM-X observations. We then describe the InSAR
workflow for generating dDEMs and the elevation error estimation.
We address label creation and annotation uncertainties, detail model
selection, input data, model training, evaluation metrics, and post-
rocessing. Finally, we introduce the estimation of the active erosion
rea and volume change from the model predictions as well as the
ncertainty quantification. The workflow for this study can be found
n Fig. 1.

2.1. Study sites and data availability

We selected 11 study sites encompassing a total area of 71 400 k m2

spread across the Arctic permafrost region (Fig. 2). The study focuses on
rctic locations with rapid permafrost thaw, representing diverse land-
capes, climates, and ground ice content. RTS activity has previously
een studied on dDEM data at all selected sites, therefore DEM-based
TS labels partly exist and can be reused for this study (Bernhard et al.,

2022a,b). North American sites including parts of the Peel Plateau
(Peel) (Kokelj et al., 2015; Segal et al., 2016), the Mackenzie River
Delta (Tuktoyaktuk) (Kokelj et al., 2009), Noatak (Nitze et al., 2021),

anks (Lewkowicz and Way, 2019) and Ellesmere Island (Ward Jones
et al., 2019) are known to be hotspots for RTS activity with large
hillslope or coastal RTSs and high mass wasting activity. Siberian study
sites including parts of Gydan, Yamal, and Taymyr (north (N), south-
west (SW), south-east (SE)) and Chukotka peninsulas experienced less
RTS activity over the past decade, with mainly small and shallow
lakeshore RTSs (Nitze et al., 2018; Nesterova et al., 2020). However,
during a heatwave in the summer of 2020, many new RTSs emerged in
Siberia, especially in N Taymyr (Bernhard et al., 2022b). All sites are
part of the continuous permafrost zone (Obu et al., 2019) within the

rctic tundra or the boreal-tundra transition zone with a ground ice
ontent greater than 10% (Brown et al., 2002). Peel, Banks, Ellesmere,
hukotka, and N Taymyr have rugged terrain; the others are relatively

lat with abundant lakes. TanDEM-X covers all regions within three
bservation times. We generated dDEMs for 2010 to 2016 (ascending
rbit) and 2010 to 2020/2021 (ascending/descending orbits).

2.2. InSAR processing and DEM generation

Using pairs of SAR observations from the TanDEM-X mission, we
generated approximately 1400 DEMs that span the years 2010 to 2021
at the selected study sites (Figs. 2, 1a). We orthorectified the SAR
bservations based on the TanDEM-X 12 m DEM product. Using Gamma
emote Sensing software (Werner et al., 2000), we generated DEMs

using standard bistatic InSAR processing (Fritz et al., 2011). Further-
more, we adopted the permafrost-specific processing steps outlined
in Bernhard et al. (2020). Each SAR observation results in a DEM, a
oherence map, a layover/shadow map, and an incidence angle map.

All DEM products were reprojected to a common coordinate sys-
tem, WGS 84/NSIDC Sea Ice Polar Stereographic North (EPSG: 3413),
and resampled to 10 m spatial resolution (Fig. 1b). To improve data
handling and storage, we applied a tiling scheme to all DEM products
with 10 × 10 k m patches with small spatial overlap to eliminate edge
effects. For several DEMs that overlap in a given year, we calculated a
weighted average per pixel based on coherence values. We assigned
the year corresponding to the start of winter to the averaged DEMs
and subtracted the earlier DEM from the later DEM. For all DEM

calculations, we performed a coregistration with the Python library
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Fig. 1. Workflow: a. DEM generation through bistatic InSAR processing. b. DEM processing included resampling, reprojection, tiling, averaging, differencing, and normalisation.
c. Manual RTS annotations on normalised dDEMs are used to train deep learning models on a four-channel data stack (normalised dDEM, dDEM, elevation error, and terrain
slope). d. Postprocessing includes size thresholding and masking (low SAR quality areas and water bodies). While all parts (a–d) are implemented automatically, no fully automatic
pipeline currently integrates them.
Fig. 2. Arctic study sites for RTS detection and quantification of volume change: Seven study sites were solely used for model training and hyperparameter selection (training
and validation) and two solely for model testing, on previously unseen data. Two sites (Peel and N Taymyr) were split into geographically separate regions to accommodate both
model training and testing. DEMs are produced from TanDEM-X observations from 2010 to 2021 during winter months and with Height of Ambiguity (HoA) between 15 and 80 m.
Observations until 2016 were acquired in ascending (A), later observations in descending orbit direction (D).
AROSICS (Scheffler et al., 2017) and removed tilts with the xDEM
library (Hugonnet et al., 2021). Even small shifts can greatly affect
3 
the quality of the dDEMs. Subpixel shifts occurred in same-orbit DEMs,
while different-orbit DEMs required corrections of up to 20 pixels.
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2.3. Uncertainty estimation of InSAR-derived DEMs

For the uncertainty estimation of InSAR-derived DEMs, we are fol-
lowing a systematic approach that addresses three key aspects: careful
selection of observations based on temporal and observation property
constraints, masking of unreliable regions affected by radar imaging
artefacts, and normalisation of elevation differences with respect to
estimated errors.

InSAR processing enables the quantification of the vertical accuracy
for each pixel of the generated DEM. The estimated elevation values
are subject to both random and systematic errors. To mitigate the in-
fluence of systematic errors and accuracy constraints, we only selected

anDEM-X observations that met specific criteria. In general, observa-
ions with a large HoA result in DEMs with lower height sensitivity. An
pper limit of 80 m has been shown to be reasonable for RTS monitor-
ng (Bernhard et al., 2020; Martone et al., 2012). Additionally, we set a
ower limit of 15 m, as small HoA values can hinder phase unwrapping.

Most observations used in this study have HoA values between 30 and
0 m (Fig. 2). Wet snow during the melting season can cause noticeable

elevation changes and decrease coherence, thus reducing the accuracy
of elevation measurements (Nagler and Rott, 2000). During the summer

onths, the growth of vegetation can cause significant errors due to
olume decorrelation (Zwieback et al., 2018). Therefore, we only used

observations from outside the snow melt and summer seasons (October
to April). Given the low average winter temperatures at all study sites,
we anticipate a dry snowpack and a full propagation of radar waves
to the ground during the winter season (Leinss and Bernhard, 2021;
Millan et al., 2015; Bernhard et al., 2020). Furthermore, we created a
AR quality mask that defines areas affected by layover/shadow, low
oherence (<0.3) and high local incidence angles (>1 r ad). Elevation
stimates in these areas are not reliable and should therefore not be
onsidered for volume change estimation.

Random errors arise primarily from volume decorrelation and low
ackscatter intensities in the SAR acquisitions. These errors can be

estimated by converting the coherence 𝛾, a measure of interferometric
phase quality, into an estimate of the elevation error 𝜎ℎ for each
produced DEM

𝜎ℎ =

√

1 − 𝛾2

𝛾
√

2𝐿

HoA
2𝜋

(1)

where 𝐿 is the number of looks used (𝐿 = 4) for the generation of
the interferogram to reduce speckle noise and HoA is the Height of

mbiguity, a measure of the height sensitivity (Krieger et al., 2007;
Rosen et al., 2000; Rodriguez and Martin, 1992).

TanDEM-X generated DEMs contain inherent noise, and RTS head-
wall heights can be close to the expected standard error of the elevation
change. This can make it difficult to distinguish RTS-induced elevation
changes from background noise. We perform a normalisation of the
elevation difference (dDEMnorm) by the estimated elevation error

dDEMnorm =
ℎ1 − ℎ2

√

(𝜎𝛾1ℎ1 )
2 + (𝜎𝛾2ℎ2 )2

(2)

where ℎ1 and ℎ2 are the measured elevations of the later and the earlier
DEM, respectively. Significant elevation changes are more discernible,
while regions with high measurement errors and potentially erroneous
elevation changes are suppressed (Bernhard et al., 2020).

2.4. DEM-based RTS labelling

Human error and subjectivity typically play a role in the label
creation process. Annotations not only convey information on inter-
pretation, but drive the quality of training and generalisation of the
egmentation model (Nitze et al., 2024). In addition to satisfying the

need for generating enough labels for model training, we tried to quan-
ify the labelling subjectivity through an assessment of independent
4 
annotations on the same data from three domain experts. RTS features
were manually labelled in normalised dDEMs because significant ele-
vation changes can be better separated from background noise. A set
of predefined guidelines helped to standardise the annotation process,
including instructions for data visualisation such as common colour
scales and data ranges, when to use optical imagery to validate RTS
activity, and how to digitise the shapes (Supplement S1). By selecting
an area of 100 k m2 in each of the study sites used for model testing, we
assessed how well the experts (E1, E2, E3) agree on their annotations.
For model training, validation, and testing, the expert E2 digitised a
total of 3614 RTSs (training and validation: 1743, testing: 1871). Where
existing labels were present (Bernhard et al., 2022a), E2 reviewed and
adjusted them as necessary.

2.5. Deep learning for DEM-based RTS detection

We assessed deep learning models commonly used for semantic
segmentation tasks in remote sensing applications. Here, we present
our approach to the preparation of input data, model training and eval-
uation, as well as the implemented post-processing strategy (Fig. 1c).
We generally distinguish between the terms model training, validation,
and testing. Training a model involves fitting the model to a training
ataset by adjusting its parameters, aiming to minimise the difference

between prediction and reference. Validation is part of the training
stage and refers to the process of evaluating the model’s performance
on a separate dataset that was not used during training, allowing, for
example, for hyperparameter tuning. In contrast, model testing involves
assessing the model’s performance on a completely unseen dataset to
provide an unbiased evaluation of the model’s generalisation ability.

2.5.1. Data
Following the manual creation of RTS annotations, we assigned the

tudy sites to the training phase (which includes validation) or to the
esting phase. We used two study sites, Peel and N Taymyr, for both
raining and testing. Hence, we divided them into spatially distinct
ections for each phase. The DEM data were organised into 10×10 k m

tiles (Fig. 1b). For the sites used in model training, we manually
eparated the data into training and validation tiles, ensuring that
here was no spatial overlap to prevent accuracy overestimation due

to data autocorrelation. 80% of the entire dataset used in the training
stage was assigned to training and 20% to validation. We converted
the RTS polygons into binary segmentation masks and trained deep
learning models using four input channels: 1. normalised dDEM, 2.
dDEM, 3. elevation error estimate, and 4. terrain slope (Horn, 1981)
(Fig. 3). Typically, deep learning models for semantic segmentation are
designed for optical images with three input channels. Initially, we ran
models with a single input (3×dDEMnorm) and various combinations of
DEM data with three input channels. However, we found that including
all available data as separate channels improved model performance.
We used tiles of 512 × 512 pixels and normalised the data to a
similar value range. Details about the study sites and reference labels
can be found in Supplement S2 and data selection and normalisation
parameters in S3.

2.5.2. Model training
We trained three deep learning models and performed hyperpa-

ameter optimisation. We limited our selection to established Con-
olutional Neural Network architectures, namely UNet, UNet++, and
eepLabV3+, which have shown promising results in RTS detection
ased on optical satellite imagery (Yang et al., 2023; Nitze et al., 2021;

Huang et al., 2022; Xia et al., 2022). Our automated pipeline was
implemented with PyTorch (Ansel et al., 2024), TorchGeo (Stewart
et al., 2022), and PyTorch Segmentation Models (Iakubovskii, 2019)
(Fig. 1c). The models were trained on one GPU (NVIDIA RTX A6000)
and limited to 200 epochs with a batch size of 8. We chose Dice loss
as the loss function and Intersection over Union (IoU) as the validation
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Fig. 3. Model input with four channels (a–d): normalised dDEM, dDEM, elevation error estimated from InSAR coherence, and terrain slope. Binary segmentation mask based on
manual RTS labels (e) and optical false-colour composite image from Sentinel-2 on 19/07/2017 (f). (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)
accuracy metric. We optimised the hyperparameters by testing different
optimisers, learning rates, and learning rate schedulers (Supplement
S4). An early stopping criterion of 50 epochs was applied to avoid over-
fitting the models. We used the smallest ResNet architecture (ResNet18)
as the backbone for all models, as we found no improvement in model
performance with larger backbones (ResNet34, ResNet50, ResNet101).
Fine-tuning the model with weights from the Imagenet dataset (Deng
et al., 2009) led to improvements in accuracy and training time com-
pared to the initialisation of random weights. Freezing the backbone
did not improve the validation accuracy in any test, so we kept the
backbone trainable.

We trained the segmentation models at nine study sites where seven
sites were solely used for the training stage (training and validation),
and two sites were split into spatially separate training and testing
regions. The models were trained with dDEMs from 2010 to 2016 (TP1)
with same-orbit observations (ascending) (Fig. 2). We excluded regions
within the study sites without RTS activity to avoid an excessively
high proportion of negative samples. Even then, only 0.05% of the
total area show RTS activity (Supplement S2). This indicates that the
dataset has an extreme class imbalance, which can impair the detection
performance.

Data augmentation is a widely employed technique to artificially
expand the volume of annotated data during model training and is
particularly effective in mitigating data scarcity, a critical challenge
in the context of data-intensive deep learning paradigms. For images,
it involves transforming, synthesising, or degrading existing data to
artificially increase the size of the dataset. Its purpose is to create
diverse mini-batch samples that help the model improve generalisation.
We chose four commonly used augmentation techniques: vertical and
horizontal flips, affine transformation, and Gaussian blur (kernel size:
3 pixels). These operations were applied on-the-fly with a probability
of 0.5 that the data is augmented and a probability of 0.5 that each
augmentation is applied sequentially (Fig. 1).

2.5.3. Model evaluation
We tested the models’ transferability to unseen regions and dDEMs

from longer time periods at four study sites. Two study sites, Ellesmere
5 
and Gydan, were used to assess geographic transferability to regions
completely separate from the training data. Ellesmere, in the high
Canadian Arctic, has minimal vegetation, coastal erosion, and many
large RTSs. Gydan, a Siberian tundra site, has flat terrain, abundant
lakes, and fewer small RTSs. We separated parts of two study sites, Peel
and N Taymyr, from the training samples to use as independent, yet
similar, test datasets. Peel has a complex topography with steep slopes
and rivers. N Taymyr was tested with both DEMs from a descending
orbit (2017–2020, TP3) to evaluate the influence of the SAR viewing
geometry on model performance. We also tested the models over
different time periods to assess their ability to generalise and handle
differences in RTS size and elevation change magnitudes.

To evaluate both segmentation and classification performance, we
chose a set of pixel-level and detection-based metrics. All pixels of the
model output (prediction) are compared to the manually generated
labels (reference), and hence categorised as either true positives (TP),
false positives (FP), true negatives (TN), or false negatives (FN) for
the pixel-level assessment. The classification performance is assessed
at the RTS feature level. Connected positively classified pixels of the
model predictions are considered as a potential RTS instance. If a
predicted RTS instance spatially intersects with the reference RTS label,
it is counted as TP since even small intersections help to roughly
localise RTSs. Due to the high class imbalance, the pixel accuracy
that incorporates TN is not an appropriate metric. Instead, we as-
sessed the models’ performance using metrics commonly employed for
imbalanced segmentation tasks with

IoU = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 + 𝐹 𝑁 (3)

Precision 𝑃 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 (4)

Recall 𝑅 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (5)

F1 = 2 × 𝑃 × 𝑅
𝑃 + 𝑅

. (6)

The detection IoU is calculated by averaging the pixel IoU of all TP
detections.
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2.5.4. Postprocessing strategy
Rasters conveying probability values from 0.0 to 1.0 constitute

the output of a deep learning model, indicating the likelihood that
a pixel belongs to an RTS feature. We transformed the probability
rasters into binary prediction maps using thresholds of 0.05, 0.5, and
0.95 to investigate the precision of the trained models. As a second
step, the binary prediction rasters are vectorised to polygonal features.
Typical of imbalanced segmentation, models tend to overpredict the
positive class. To address this, we developed a post-processing routine
to reduce the number of FP (Fig. 1d). DEMs derived from InSAR
generally exhibit larger elevation errors over water bodies, leading
to apparent elevation changes in dDEMs (Section 2.3). Rugged and

ountainous areas can also degrade the quality of the generated DEMs
ue to layover and shadow effects and high local incidence angles in

SAR imagery dependent on the acquisition geometry. These regions are
ikely to be incorrectly classified as RTSs because of their comparable
levation change, dimensions, and shapes. We created water body
asks using the temporal average of cloud- and snow-free stacks of

entinel-2 imagery and a Normalised Difference Water Body Index
NDWI) threshold ranging from 0.0 to 0.2, depending on the landscape
haracteristics. The water body mask is complemented by the EASE-
rid 2.0 Land-Ocean-Coastline-Ice Masks dataset (Brodzik and NSIDC,

2013) for ocean masking. We excluded any predictions that intersect
with the water body or the SAR quality mask by more than 50%.
Considering the resolution of the DEM and typically reported RTS sizes,
e.g. in Nesterova et al. (2024), we implemented a size threshold of
1000 m2, to exclude small polygons that are unlikely to represent cor-
rect RTS occurrences (Huang et al., 2021). Furthermore, we excluded
olygons with a minimum elevation change below 2 m according to the

typical sensitivity to elevation change of DEMs derived from TanDEM-X
observations.

2.6. Model inference and volume change estimation

We applied the trained UNet++ model to the TP2 dDEMs (2010–
021) at all study sites to detect and delineate active RTSs. To advance

beyond quantifying changes in the RTS area, as is possible in optical
satellite image analysis, we estimated the volume of material eroded
during TP2 based on the derived dDEMs. Elevation changes around zero
indicate stable terrain, while negative and positive values reflect mass
loss and gain, respectively. We calculate the volume change 𝛿 𝑣 based
on the average elevation change for the dDEM pixels belonging to a
predicted RTS feature

𝛿 𝑣𝑅𝑇 𝑆 =
∑𝑛𝑝𝑖𝑥

𝑖 ℎ1(𝑖) − ℎ2(𝑖)
𝑛𝑝𝑖𝑥

⋅ 𝑎𝑅𝑇 𝑆 (7)

where 𝑎𝑅𝑇 𝑆 is the area of the predicted RTS feature and 𝑛𝑝𝑖𝑥 is the num-
ber of all pixels belonging to the predicted RTS feature. Furthermore,
we quantify the uncertainty of the volume change estimate based on
the elevation error 𝜎ℎ with

𝜎𝑣𝑅𝑇 𝑆 =

√

∑𝑛𝑝𝑖𝑥
𝑖 𝜎ℎ(𝑖)2

𝑛𝑝𝑖𝑥
. (8)

For study sites where reference labels for TP2 are present (Peel,
llesmere, Gydan), we performed an accuracy assessment of the es-
imated volume changes from the RTS features predicted by UNet++.
herefore, we summarise the deviations in the area and volume change
or the three study sites. To ensure comparability of the results, we
alculated area and volume change density rates by normalising the
stimates by time period and size of the study site, following the
pproach of Kokelj et al. (2017). In addition, we conducted a manual

visual quality check to exclude obvious false predictions resulting from
rtificial elevation changes, such as those caused by infrastructure or
ining. This process ensured a high-quality dataset suitable for further

nalysis.
 i

6 
3. Results

We generated DEMs from about 1400 TanDEM-X observations be-
tween 2010 and 2021 and manually annotated more than 3500 RTS
instances at 11 Arctic study sites. We trained three segmentation mod-
els to detect RTS-induced elevation changes in dDEMs and assessed
both classification and segmentation performance. Based on the best-
performing model, we produced a dataset containing RTS polygons and
mass-wasting quantities for all study sites between 2010 and 2021.

3.1. Baseline accuracies from manual RTS labelling

In remote sensing-based detection tasks, models are typically eval-
ated on the basis of their performance of replicating human labelling
ather than actual feature recognition. Our assessment of the influ-
nce of subjectivity on labelling tasks establishes an upper limit of
he achievable accuracy of the model. Although all experts followed
ommon annotation guidelines, the analysis shows notable variances
n labelling agreement between study sites and dDEM time periods
mong experts (Fig. 4). The average classification accuracy is 0.63 IoU

and 0.76 F1, while segmentation performance is lower with 0.55 IoU
and 0.70 F1. The experts showed a high agreement (pixel IoU > 0.7,
detection F1 > 0.8) in Peel and Ellesmere (Fig. 4a–c, g–i). These sites
feature large RTSs and long time intervals between DEMs, leading to
evident elevation changes and therefore distinguishable characteristics.
Fig. 4g shows one common problem with manual labelling: E2 and E3
label one RTS feature, while E1 labels two separate instances. RTSs
are complex landscape features that can potentially merge over time,
resulting in the formation of intricate and dynamic landforms. The
resolution of the imagery plays a crucial role, with a lower resolution
complicating the delineation of separate entities. In addition, there is
a degree of variability in the labelling precision among the experts.
The number of vertices used by the different experts indicates the
evel of detail provided (Fig. 4c, f, i, l). In Gydan and N Taymyr the
xpert consensus was lower than in Peel and Ellesmere (Fig. 4d–f, j–
). The dataset for N Taymyr contained DEMs from 2017 to 2020,

leading to less pronounced elevation changes (Fig. 4j). This resulted
in reduced agreement on the number of identified RTSs and segmen-
tation performance. The disagreement was highest in Gydan with a
segmentation IoU of only 0.31. The few existing RTSs caused high
variability in the experts’ annotations. Despite similar training, some
experts labelled only areas with significant elevation loss and visible
scar zones in optical images, while others also considered smaller and
less pronounced features (Fig. 4d, j).

3.2. Deep learning model performance

We allowed all models to train for a maximum of 200 epochs
ith the option to stop training when the validation accuracy did not

mprove for 50 epochs to prevent overfitting. Under optimal hyperpa-
ameter settings, UNet and UNet++ converged in about 150 epochs,
chieving a pixel IoU of 0.79 and a dice loss of 0.22. DeepLabV3+
rained more slowly, plateauing at around 150 epochs with a pixel
oU of 0.74 and a loss of 0.25, not fully converging at the end of
raining (Supplement S5). We tested the models with and without
ost-processing (Table 1). The best performing model was UNet++

(0.55 pixel IoU, 0.71 detection F1), followed by UNet (0.54, 0.70) and
DeepLabV3+ (0.50, 0.70). We observed that UNet and DeepLabV3+
predicted more positive pixels than UNet++, resulting in slightly lower
ecall values. However, UNet++’s superior F1 score indicates that it

avoided more FP despite missing some TP. Post-processing greatly
mitigated FP across all models, improving UNet++’s performance by
p to 4%.

In the following, we further analyse the overall best-performing
odel (Table 2). UNet++ achieved the highest performance for TP1

n Ellesmere and for TP3 in N Taymyr, with DEM combinations of the
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Fig. 4. Examples of manual RTS labels on normalised dDEMs, label size distribution, total number of labels, and average number of vertices in Ellesmere (a–c), Gydan (d–f), Peel
(g–i), and N Taymyr (j–l). The first value of IoU and F1 (c, f, i, l) represent average segmentation, the second the classification performance between the experts. The experts vary
in agreement between the test sites with high agreement in Ellesmere and Peel and low agreement in N Taymyr and Gydan. Patterns in the number of vertices and labels, and
the size distribution highlights the impact of different annotation styles.
Table 1
Segmentation (pixel) and classification (detection) performance before and after post-
processing for UNet, UNet++, and DeepLabV3+. UNet++ performed best, followed by
UNet and DeepLabV3+. Post-processing had a positive influence on all metrics and
models.

Model Post- Pixel Detection

processing IoU F1 IoU F1

UNet Before 0.54 ± 0.19 0.68 ± 0.18 0.69 ± 0.06 0.70 ± 0.14
After 0.55 ± 0.18 0.69 ± 0.17 0.71 ± 0.05 0.72 ± 0.12

UNet++ Before 0.55 ± 0.16 0.70 ± 0.15 0.71 ± 0.04 0.71 ± 0.13
After 0.58 ± 0.16 0.72 ± 0.15 0.73 ± 0.04 0.75 ± 0.12

DeepLab Before 0.50 ± 0.14 0.66 ± 0.13 0.57 ± 0.09 0.70 ± 0.10
V3+ After 0.52 ± 0.14 0.67 ± 0.12 0.62 ± 0.06 0.74 ± 0.09

same orbit. Both sites are characterised by abundant large RTSs. In
contrast, Gydan displayed the lowest accuracy, yet maintained high
precision, effectively predicting many RTS instances but missing a
considerable number. Fig. 5a shows that this shortfall decreased when
predicting over longer time intervals. In TP2, the pixel IoU and the
detection F1 increased by more than 15%, and the recall by more
than 20%. Peel’s TP1 data helps to understand the model behaviour in
regions similar to training areas, the impact of extended time intervals
between DEMs and of complex terrain. The metrics are balanced with
slight improvements over an extended time interval between DEMs.
Fig. 5b and c visualise the good performance of reducing FP during
post-processing with SAR quality and water body masks in Peel and
Gydan.

Notably, the probability masks from UNet++ exhibit high precision
compared to the reference data, with a strong spatial gradient at the
edges. With different thresholds for converting probability maps to
7 
Table 2
Performance statistics of best-performing model (UNet++, post-processed) for all test
sites and time ranges.

Test site Time Pixel Detection

period IoU F1 P R IoU F1 P R

Ellesmere TP1 0.75 0.86 0.90 0.82 0.80 0.83 0.92 0.76
TP2 0.69 0.82 0.83 0.80 0.73 0.83 0.87 0.79

Gydan TP1 0.26 0.41 0.72 0.28 0.67 0.52 0.72 0.41
TP2 0.42 0.59 0.69 0.51 0.68 0.68 0.68 0.68

Peel TP1 0.60 0.75 0.71 0.80 0.73 0.75 0.73 0.76
TP2 0.63 0.78 0.72 0.84 0.73 0.74 0.69 0.80

North Taymyr TP3 0.68 0.81 0.81 0.81 0.75 0.91 0.92 0.91

binary predictions (Fig. 5d), the variation in the prediction mask was
minimal. We therefore selected a threshold of 0.5 for all tests and model
inference.

3.3. Quantification of RTS mass wasting from model predictions

Based on the trained UNet++ model, we predicted RTS activity at
all study sites over the last decade (TP2). Based on the polygonised and
post-processed predictions and the dDEMs of TP2, we calculated RTS
area and volume change rates. We quantified the error in the volume
change estimates that arises from the mismatch between prediction
and reference labels (Table 3). The volume change rates deviate less
than the area, probably because overestimated pixels near the RTS
boundaries contribute only with relatively low elevation changes. The
predictions in Ellesmere and Gydan slightly underestimate (−3 and
−13%, respectively), while the predictions in Peel overestimate the
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Fig. 5. Post-processing, model precision, and limitations of predictions: a. Small and shallow RTSs are difficult to detect (Gydan), b. SAR quality mask reduces FP in areas with
high local slope angles (Peel), c. masking water bodies reduces FP detections in water-rich test sites (Gydan), d. high precision in model prediction masks (Ellesmere).
Table 3
Total volume change from RTS predictions and reference labels for TP2.

Test site Type Area change rate Volume change rate
[1 × 104 m2 yr−1] [1 × 104 m3 yr−1]

Peel Reference 46.68 300.7 ± 14.9
Prediction 57.48 343.5 ± 17.6

Ellesmere Reference 40.16 148.8 ± 13.3
Prediction 38.40 144.9 ± 12.1

Gydan Reference 14.81 38.8 ± 5.0
Prediction 11.88 33.9 ± 4.8

volume change (+14%). However, considering the elevation error in-
herent to the TanDEM-X derived DEMs, these deviations are within the
uncertainty bounds of presented method.

Fig. 6 illustrates the RTS mass-wasting characteristics of predicted
RTSs for TP2. We manually verified the post-processed predictions
and corrected errors from height changes related to human activity
such as infrastructure and mining, as well as sediment-rich and small
water bodies missing in the water body mask. This manual filtering
should not be considered a comprehensive dataset review, but rather
a minor quality enhancement for subsequent use, as we removed less
than 10% of the total RTS features. N Taymyr in Siberia has the
highest number of RTSs, followed by Peel and Banks in the Canadian
Arctic (Fig. 6c, d). Despite the high abundance of RTSs, N Taymyr has
lower mass-wasting rates compared to Banks and Peel, which show
the highest changes in area and volume per unit area (Fig. 6a, b,
e, f). In general, Siberia experienced lower RTS activity during the
last decade, with smaller and shallower RTSs than North America
aligning with the results of previous studies (Bernhard et al., 2022a;
8 
Lewkowicz and Way, 2019; Nitze et al., 2018). The area and volume
change distributions show no substantial differences between the two
regions. Banks, Peel and SW Taymyr exhibit slightly wider ranges,
whereas N Taymyr, Chukotka, and Noatak show narrower ranges in
the distributions (Fig. 6g, Supplement S6).

4. Discussion

We developed a deep learning-based method to accurately map
and monitor RTS mass wasting in DEM time-series data over large
spatial scales. The best model (UNet++) showed good segmentation
(pixel IoU: 0.58 ± 0.16, F1: 0.72 ± 0.15) and classification performance
(detection IoU: 0.73 ± 0.04, F1: 0.75 ± 0.12). One weakness of the
method is its limited ability to detect small and shallow RTSs, which
is probably attributed to the spatial resolution and height sensitivity of
TanDEM-X-derived DEMs. However, these features also present chal-
lenges for detection models trained with high-resolution optical images
with reported accuracies comparable to those of our method (Yang
et al., 2023; Nitze et al., 2021). In order to investigate the impact
of this limitation, elevation change measurements with higher spatial
resolution and vertical accuracy such as DEMs produced by LiDAR or
UAV photogrammetry surveys would be needed. However, the same
temporal baseline between the DEMs and a reasonable sample size
in different geographic settings would be necessary to produce an
accurate and robust analysis. Unfortunately, to the authors’ knowledge,
no study exists that would allow for such a comparison. Generally, we
observed that the dDEMs derived from observations taken further apart
in time yielded better accuracy and facilitated the detection of RTSs by
capturing more significant height changes (Fig. 5 a) that aligned with
the findings of Bernhard et al. (2020).
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Fig. 6. RTS mass wasting during 2010–2021: Number of RTSs (c, d), Area change density (b, e), Volume change density (a, f), distribution of area and volume change (g). Most
RTSs were found in N Taymyr, while both area and volume change are highest in Banks and Peel indicating high mass wasting activity from large and deep RTSs.
Due to variations in study designs and data, the comparison of our
method with existing RTS detection studies is difficult. Yang et al.
(2023) reports a classification IoU of 0.57 with a UNet3+ model trained
with high-resolution optical images at distributed Arctic sites and tested
at unseen locations in Yamal and Gydan. Their highest IoU of 0.76
occurred when testing on sites analogous to training sites, which is not
directly comparable to the conditions of our study. Binary segmentation
may excel with simpler data, such as dDEMs, compared to optical
data and generalise better. Optical images are strongly influenced by
variable Arctic vegetation, while X-Band InSAR dDEMs are mostly
unaffected by land cover in low-vegetated tundra. However, SAR ob-
servations typically face challenges in complex topography as in Peel.
However, the detection performance did not decrease in this study site
likely due to effective post-processing (Fig. 5b). Huang et al. (2023)
tested DEM-based RTS detection on ArcticDEM data that allows higher
spatial resolution but quality issues due to the limitations of stereo
optical imagery. The study counted 2494 active RTSs in the entire Arctic
between 2008 and 2017, approximately half of those detected in our
71 400 k m2 study region. The authors note that they might underes-
timate RTS occurrence, yet direct comparison is difficult because of
9 
differences in observation periods. In particular, Siberia’s summer 2020
heat wave triggered the formation of many new RTSs on the Taymyr
Peninsula, potentially skewing comparisons (Bernhard et al., 2022b).
Through the comparison of expert annotations, we set a better baseline
to evaluate model performance. At RTS-rich test sites, the model and
experts show good performance (pixel IoU 0.75 vs. 0.72, detection
F1 0.80 vs. 0.91). Differences between experts can be attributed to
individual human perceptions, interpretations, and variations in the
labelling style. Although familiar with DEM-based RTS monitoring
and following the same guidelines, experts can interpret landforms
differently. This aligns with the findings of Nitze et al. (2024), which
revealed even greater differences when comparing the annotations of
experts from different permafrost research domains. Both experts and
the model face similar challenges with small and sparse RTSs in Gydan,
which yield lower accuracies. It is crucial to recognise that human bias
in the generation of training data significantly influences the quality of
model generalisation and the corresponding predictions. Consequently,
the performance of the model is first and foremost constrained by the
accuracy and precision of the human annotators, potentially replicating
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any biases present in the annotations. Despite this, our findings demon-
strate that common deep learning models produce relatively accurate
predictions for complex segmentation tasks on remote sensing data, as
the achieved accuracies align with the performance levels of expert
annotations. However, it is important to note that these predictions
contain a certain margin of error, making them more suitable for rough
estimates on large scales rather than for precise analysis on local RTS
levels.

We attempted to quantify the influence of DEM quality on model
performance, although this proved challenging. We selected N Taymyr
(TP3) to evaluate the model on descending-descending orbit DEMs,
compared to TP1 (ascending-ascending orbit) and TP2 (ascending-
descending orbit). However, TP3 spans only three years, compared to
six and ten years for TP1 and TP2, respectively. The results suggest
that the combination of DEMs from different orbit directions does not
significantly impact the performance of the model, although the experts
exhibited greater disagreement about the data for TP3. Nevertheless,
we cannot isolate the influence of larger time periods from observation
properties due to limited time series data. However, during visual
inspection of the predictions, we observed that quality issues stemming
from satellite acquisitions, such as observations from certain viewing
geometries over steep slopes, varying orbit directions of the dDEM
airs, and elevation errors over water bodies, contribute to most FP.

Although our developed post-processing strategy mitigates some of
these issues (Table 1), smaller rivers or lakes with a high sediment
ontent or artificial elevation changes from infrastructure or mining
esult in incomplete removal of FP. One potential solution is to perform
ard negative mining and explicitly augment the negative training set

with examples of these FP. Unlike optical data where geomorphological
context and spectral textures allow the model to distinguish human-
made from thaw-induced elevation changes, in dDEMs these structures
closely resemble RTSs, even to the human eye. Incorporating negative
samples that are too similar to actual RTS instances can degrade model
performance (Yang et al., 2023), suggesting that these FP may be inher-
ent in the presented method. Nevertheless, we demonstrated that the
missing (FN) and overestimated (FP) RTS predictions have a relatively
mall influence on the total estimated material erosion volume at a
egional scale. Our results suggest that the proposed method, with its
uantified uncertainties, can provide reasonable large-scale estimates
f RTS-induced mass wasting over decadal time frames.

The ability to monitor RTSs with DEMs is hindered by the limited
access to comprehensive global high-resolution DEM datasets. TanDEM-
X observations offer an opportunity to investigate the mass-wasting
activities of RTSs. In optical imagery, RTSs are identified by vegetation
disturbances, leaving ambiguity in pinpointing the actively eroding
parts of the RTS. Although this approach can observe changes in RTS
area, it lacks the ability to quantify volume change, which is cru-
cial to understanding impacts on local hydrology, soil organic carbon
mobilisation, and related climate feedback mechanisms. However, in
comparison to optical satellite data, which provides at least annual
observations, TanDEM-X-generated DEMs do not offer adequate tem-
poral resolution to comprehensively analyse complex and polycyclic
RTS dynamics, as generally only two to three DEMs per decade are
accessible. Future satellite missions should be designed to enhance
RTS monitoring, with the aim of producing high-resolution DEMs for
permafrost areas annually (Hajnsek et al., 2022). A complementary
approach involves integrating DEM and optical data for comprehensive
RTS monitoring: Our automated DEM-based RTS detection method can
be used to advance the study of scaling relationships between area and
olume, as examined by Van Der Sluijs et al. (2023) and Bernhard et al.

(2022a), allowing for more precise temporal resolution to improve the
uantification of RTS mass wasting in extensive permafrost regions.
10 
5. Conclusions

We evaluated semantic segmentation models based on deep learn-
ing, which were trained on dDEMs obtained from TanDEM-X InSAR
data. Our method facilitates accurate monitoring of RTS mass wast-
ng, extending beyond the traditional 2D analysis based on optical
emote sensing imagery. The best performing model (UNet++) demon-
trates robust generalisation across a large dataset that covers key
reas of the Arctic permafrost domain, with segmentation (pixel IoU:
.58 ± 0.16, F1: 0.72 ± 0.15) and classification performance (detection
oU: 0.73 ± 0.04, F1: 0.75 ± 0.12) matching or exceeding those of

comparable studies. We discussed and compared our results with the
ccuracy of three experts manually labelling RTSs. The agreement of
xperts is within the range of the performance of the deep learning
odel, providing an important context for interpreting the results.

onger temporal spans of dDEMs are advantageous for predicting RTSs.
hey potentially exhibit larger elevation changes and more extensive
ctive areas, enhancing in turn the detectability of RTSs. By inferring
he trained model to the entire study region with an area of 71 400 k m2,
e found RTS volume change rates ranging from 40.75 m3 y r−1 k m2

Chukotka) to 1164.11 m3 y r−1 k m2 (Banks) between 2010 and 2021.
ur presented method introduces a novel approach for automatically
etecting RTS activity using spaceborne elevation data, enabling the
mpirical quantification of material erosion due to RTS mass wasting
cross Arctic permafrost environments. All components of the workflow
re fully automated; however, integrating these components into a
ohesive pipeline will be a focus of future work. To scale this ap-
roach to the entire Arctic region, adaptations to the pipeline and
obust handling of very large datasets will be essential. The generated
ataset, with the computed RTS area and volume change rates, presents
 unique opportunity to investigate the drivers and impacts of RTS
ass wasting in diverse permafrost environments. The derived data

an facilitate further exploration of the interconnections with climate,
opography, and carbon cycle feedback, advancing our understanding
f rapid permafrost thaw processes.
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