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Introduction Methods

Several algorithms for deriving glacier surface velocities from Study area: Glacier with strong surface & velocity changes
remote sensing images exist Tested sensors: Sentinel-2, PlanetScope, UAV — Wingtra II

Surface cha_nges, rotational defo_rmations e_md spatial Algorithms: Intensity tracking (geoCosiCorr3D), ORB-based
heterogeneity lead to decorrelation and failure of most feature tracking (SealceDrift), Deep learning-based feature
conventional algorithms tracking (ICEpy4D) & ()23

High-resolution UAV datasets promising - but new methods 43 validation vectors TR o
requ”..ed : surfacechanges

Deep learning applications revolutionized remote sensing
approaches in many other areas ;
Can deep learning-based image matching techniques -] | T : R
improve glacier surface velocity estimations?
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coarser resolutions. glacier surface velocity estimation with high-
Classical feature

tracking methods resolution data
were not successful

More than ten-times lower error of the deep learning-
based method with UAV data compared to conventional
sensors and methods
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Method development for more regular point spacing required

— Measured displacement vectors
—— Calculated displacement vectors
(100x100 m median)

Yearly displacement 2023-2024

— Measured displacement vectors
—— Calculated displacement vectors
(100x100 m median)

e Conventional sensors and methods showed good

. ' 5mtol0m [ 30mto35m
 10mto15m M 35 mto 40 m

s oo & performance in situations of low surface changes

[ 120mto25m [l >60 m

| B<5'm . 25mto30m
. /5mtol0m M 30mto35m
~ 10mto15m M 35mto40 m
15mto 20 m M 40 m to 60 m

1 20mto25m [l >60 m

*Corresponding author < harald.zandler@uni-graz.at
1Department of Geography and Regional Science, University of Graz
2Department of Earth Science, University of Bergen
3Department of Civil Engineering and Environmental Sciences, Western Norway University of Applied Sciences
“School of Geography and water@leeds, University of Leeds

|iVing planet VIENNA

23-27 June

symposium |2025

Reference: Zandler H, Abermann J, Robson BA, Maschler A, Scheiber T, Carrivick JL, Yde JC (2025) Deep learning outperforms existing algorithms in glacier surface velocity
estimation with high-resolution data — the example of Austerdalsbreen, Norway. Frontiers in Remote Sensing 6. https://doi.org/10.3389/frsen.2025.1586933




