Mapping retrogressive thaw slumps in Alaska North Slope from ArcticDEM and
Planet CubeSat imagery using machine learning
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Abstract

Retrogressive thaw slumps (RTSs) are one of the most dynamic landforms resulting
from the thawing of ice-rich permafrost. As reported by some local studies in Tibet
and the Arctic, their occurrences and affected areas have increased dramatically in
the past few decades. However, in most permafrost areas, their spatial distribution is
still unknown due to the challenges of mapping them either from remote sensing data
or 1n the field. Many RTSs, especially at their early developing stages, have small
sizes 1n the area and only show up on very high-resolution (< 5 meters) imagery.
Depending on the local environment, the appearance of RTSs may be very similar to
the surroundings. To i1dentify the RTSs 1n large areas and develop the corresponding
automated pipeline, we choose Alaska North Slope (245,520 km?) as our study arca
and apply machine learning algorithms including convolutional neural networks and
quick shift image segmentation to a 2-m digital elevation model (1.e. ArcticDEM)
and 3-m optical imagery acquired by Planet CubeSats. Our current experiments
show promising results in several sub-regions, and we will scale up to the entire
Alaska North Slope for compressive algorithm evaluation and mapping exercise. In
this presentation, we present the technical details of our method and preliminary
mapping results.

Preliminary results
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Figure 4. Overview of boxes output by applying YOLOVv4 to hillshade derived from ArcticDEM.
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s 3 ’ * Too many false positives (>50,000) because we have very limited training data

‘ ”‘ for hillshade.

* The prediction step of YOLOvV4 took around one hour for Alaska North Slope,
much faster than other algorithms.

* We are updating the results by including more data to suppress the false
positives. New results will be posted at the following link:
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/ Motivation and Objective \

* The RTS distribution and extents 1n permafrost regions are unknown except for a
few local study areas. ] Bt . s

* RTS distribution 1s essential for understanding the degradation of ice-rich NPT RV T - W
permafrost and the corresponding impacts. 2 e S

* High-resolution (<5 m) data enable us to detect and map many small and subtle
RTSs, which may have been missed by previous studies.

* The deep-learning-based mapping method can automatically delineate small and
obscure RTSs from remote sensing images (Huang et al., 2020).
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Figure 2. Images of an RTS in Alaska North slope, including RGB (red, green, and blue) bands from

Sentinel-2 and Planet CubeSats, hillshade and elevation difference (oldest - newest) derived from / \
ArcticDEM. An RTS is marked by the red box. Summa ry

different machine learning algorithms, aiming to obtain the distribution of
retrogressive thaw slumps in the Alaska North Slope.
* The main 1ssue 1s that too many false positives are 1n the results.

\ * We combine multi-sources of high-resolution data and take advantage of

* to obtain the RTS distribution in Alaska North Slope. / MethOds

The study area
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Future work
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* Include more data such as coverage of snow cover and water bodies for
| removing some false positives.
CH « Combine outputs from different automated pipeline to obtain an accurate map of
| - RTSs in Alaska North Slope.
* Investigate the temporal changes of these RTSs and understanding the
controlling factors.
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