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with Harmonized Sentinel-2 Data and Deep Learning Methods

Retrogressive Thaw Slumps (RTS) Figure 1: 
Retrogressive Thaw Slump
(Selawik Slump) 
RTS are a type of disturbance 
in ground-ice rich permafrost 
initiated by increased erosion 
and thaw. They may exhibit 
polycyclic behavior of mobiliza-
tion, growth with retrogressively 
extending the erosion front 
(headwall) back into the upper 
landscape, but also stabilization 
and subsequent re-activation.
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Introduction
Optical remote sensing imagery from satellite platforms are a major source of data for 
RTS inventories. However, manual delineation of these features is an arduous task that 
consumes a considerable amount of time. Consequently it is only viable for data of limited 
in both temporal and spatial extent. Artificial intelligence is often employed to automate 
the detection and segmentation process. Recent advances both in high-performance 
computing and machine learning frameworks enhance researchers abilities to analyze 
substantial volumes of data, based on comparatively limited supervised training data. 
Convolutional neural networks (CNNs) and the derived Unet++ deep learning (DL) 

model architecture are able to take into account the spatial context of objects observable 
in rasterized multi-channel datasets. 
Nitze et al. 2025 used PlanetScope earth observation data (about 3m ground resolution) 
utilizing a Unet++ DL model to segment RTS. We employ the same methods to freely 
available high-resolution Sentinel-2 data (10m ground resolution), which boasts wider spa-
tial and temporal coverage. This enables continental-scale, wall-to-wall monitoring of 
RTS in real-time and expands the still sparse inventory of RTS. Further, it helps to quan-
tify abrupt permafrost disturbance processes in a warming climate on a pan-arctic 
scale, which are currently only poorly represented in global climate models. 
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Training
Training labels by Nitze et al. 2025 were 
used to train multiple Unet++ models based 
on the architecture proposed in Nitze et al. 
2021. The labels consisted of geospatial 
outlines of 3749 RTS manually delineated 
by experts based on PlanetScope satellite 
imagery (~3m pixel resolution). 
The Sentinel-2 data inventories were 
searched for images temporally matching 
the label ground truth images. 

Results & Outlook
Preliminary results (Figure 3) demonstrate 
the general applicability of the method em-
ployed in Nitze et al. 2025 also to Sentinel-2 
data. This enables the provision of a compre-
hensive dataset on a pan-arctic scale with 
freely and publicly available source data. This 
not only provides longer term datasets than 
available with PlanetScope source data, the
smaller storage requirements enables real-
time processing at a lower cost.
This ongoing project at the Alfred-Wegener-
Institute, Germany, is a collaborative en-
deavor between the Permafrost Research 
Section in Potsdam and Data Science Sup-
port in Bremerhaven jointly with the Per-
mafrost Discovery Gateway project, which is 
coordinated by the Woodwell Climate Re-
search Center, Falmouth, USA.

Figure 3:  RTS Segmentation Reveals Temporal Development 
Selected vectorized RTS segments from Peel Plateau, Northwest Territories Canada overlaid on high-resolution satellite image. Segments are derived from an inference ensemble threshold of 0.5, meaning a RTS inference 
probability above 50%. 
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Figure 2: Schematic Representation of the Inference Workflow 
Example Inference of the Selawik Thaw Slump based on a Sentinel-2 surface reflectance image with 4 bands blue, green, red and 
near infrared (NIR). Marker numbers at the workflow arrows designate number of bands (features) the data contains. An additional 
segmentation step with a simple thresholding algorithm is used to create feature outlines of RTS as geospatial vector data. Artificats 
are removed by masking of water bodies and other cleanup steps. Note that the model depictions are simplified for visual clarity.


