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Overview of this talk
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Machine learning based
mapping of the cryosphere

Quantifying rock glacier
changes using remote sensing
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Rock glacier mapping i
uncertainty

Large subjective biases
 Up to 70% variation in RG
area

e Can machine learning can
be used to create a more
objective inventory?
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Are methods transferable from other landforms? 'Y\ 4 |

Sentinel 2 Optical image

Robson et al., 2020
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Deep-learning
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Deep-learning: recognising rock glaciers by their image texture

We can create sample patches and train
a model to recognise these patterns




Artificial intelligence needs a lot of data to be trained
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Bolch, T., Rohrbach, N., Kutuzov, S., Robson, B.A. and Osmonov,
A., 2019. Occurrence, evolution and ice content of ice-debris
complexes in the Ak-Shiirak, Central Tien Shan revealed by
geophysical and remotely-sensed investigations. Earth Surface
Processes and Landforms, 44(1), pp.129-143.
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DEM Extraction

Training Point Data
Red, Green, Blue, NIR,

SWIR, NDVI, SAVI, MNDWI,
AR Coherence, DEM,
Curvature

Create and Train CNN
Convolutional Layer 1:3x3x70
Convolutional Layer 2:7x7x40
Convolutional Layer 3:3x3x20
Convolutional Layer 4:1x1x12
Convolutional Layer 5:3x3x12

Most deep learning studies stop here



Image segmentation adds more information to a classifications

Object Based Image Analysis (OBIA)
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Pléiades tri-sterec

DEM Extraction

Training Point Data
Collect Samples

Red, Green, Blue, NIR,
SWIR, NDVI, SAVI, MNDWI,
SAR Coherence, DEM,
Curvature
Create and Train CNN
Convolutional Layer 1:3x3x70
Convolutional Layer 2:7x7x40
Convolutional Layer 3:3x3x20
Convolutional Layer 4:1x1x12
Convolutional Layer 5:3x3x12

Multi-resolution Image Segmentation
Level 1: Scale parameter 5, shape 0.1, compactness 0.5

Level 2: Scale parameter 15, shape 0.9, compactness 0.7
evel 3: Scale parameter 30, shape 0.7, compactness 0.9

Heatmap > 0.35
12-15 < Slope < 20 - 22
o Slope <8-12

Rock Glaciers

Clean up 1 Heatmap > 0.2
15 < Slope < 30
p g Slope <8-12
Sl ¥ Relative border to rock glacier > 5%
Mean Difference to Slope < 5%
Heatmap Mean Difference to Spectra < 5%

Refinement due
to image
segmentation

Gaussian filte
7x7 pixels

Slope < 15

Heatmap < 0.35
Asymmettry < 0.6
Area < 0.025 km?

While heatmap > 0.2 - 0.3:

pixel-based growing (7x7 kemel)
pixel-based shrinking (7x7 kemel)
remove donuts holes
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Robson, B.A., Bolch, T., MacDonell, S., Hélbling, D., Rastner, P. and Schaffer, N., 2020. Automated detection of rock
glaciers using deep leaming and object-based image analysis. Remote sensing of environment, 250, p.112033.
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More detail around the margins
Information about surface

features

More false positives
TP Ay R -aﬂg i L




28°18'N 28°19'N

28°17'N

Using higher-resolution imagery
increases the user accuracy

85°56'E

CNN_OBIA_Ple

Probability heatmap

100 075 0.5 025 0.00

Classification|User Producer
accuracy |accuracy
(%) (%)

Poiqu subset

(Sentinel-2) °%9 874

Poiqu subset 720 88.4

(Pléiades)




UNIVERSITY OF BERGEN

Automated debris-covered glacier mapping
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An integrated deep learning and object-based image
analysis approach for mapping debris-covered glaciers

s, Daniel J. Thomas™ % %", @ Benjamin A. Robson® 2 and ' Adina Racoviteanu®

1 Faculty of Mathematics and Natural Sciences, University of Bergen, Norway

2 Bjerknes Centre for Climate Research, University of Bergen, Norway

3 Department of Geography, Faculty of Social Sciences, University of Bergen, Norway
+ UMR5001 Institut des Géosciences de ['Envirannement (IGE), France
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Deep learning for multi-temporal analysis
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Scalmg up to a regional scale

« DeeplLabV3 improves image
segmentation accuracy
through atrous convolution
and multi-scale context.

« Used to produce Tibetan

Plateau RG inventory
(TroGl) (Sun et al, 2024)

« Retrained and being applied
to the Andes (PhD thesis
Daniel Thomas)




Future directions of Al-based mapping

« Multi-class deep learning for cryospheric mapping in the Andes
Daniel Thomas — PhD student at UiB

« Trustworthyness and ground truthing of Al-based mapping
Sunil Tamang — PhD student at UC/GRI

Heatmap — clean ice Heatmap — debris-covered ice

Heatmap — rock glaciers
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Clean Ice Manual Inventory Debris-covered Ice Manual Inventory 3 Rock Glacier Manual Inventory



Trustworthiness and Ground-Truthing of Machine Learning Approach for
Regional Scale Rock Glacier Inventories
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Figure adapted with permission from Brardinoni et al. (2019).

Subjectivity in Rock Glacier Inventory

Sunil TAMANG
PhD Candidate
University of Canterbury, New Zealand
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Quantifying changes using
remote sensing data
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Data available for studying rock
glacier change

Historical Aerial Photography Stereo Satellite Imagery




Bias
removal
and
iltering

DEM co-registration
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Problems with the data

» Aerial photographs had no camera calibration report
— Focal length written on the photographs
— Fiducial marks can be estimated (ish)
— ...radial lens distortion?

negative radial distortion no distortion positive radial distortion [*
“pincushion” “barrel”
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Robson, B.A., MacDonell, S., Ayala, A., Bolch, T., Nielsen, P.R. and Vivero, S., 2022. Glacier and rock glacier
changes since the 1950s in the La Laguna catchment, Chile. The Cryosphere, 16(2), pp.647-665.
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Data collectel




High-resolution seasonal changes
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Rock glacier changes in the catchment
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Ewdence f glacler-rock glacier transition
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Validation of velocity data
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InSAR Analysis of rock glaciers

ascending SAR  descending SAR
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InSAR Analysis of rock glaciers

Study areas:
Manaslu (Himalaya)
and Semi Arid Andes
(Chile)

Sentinel-1 INSAR
processing in ISCE
SBAS stacking in
Mintpy
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Phase (Cycles)

SAR Interferometr)

* Produces a stack of co-

registered and

unwrapped
. interferoarams

Relative Unwrapped

200 400 600 800 1000
Ground Range (Pixels)

Raw interferogram Wrapped interferogram

i,

Bt o -n/2
= - (or 37/2)

Figure 2-13: Wrapped phase in blue,
relative unwrapped phase in green and .
absolute phase change in red. Figure
from (Osmanoglu et al., 2016).




Tapado glacier complex
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intercept: 4.46 +/- 0.54 cm
velocity : -11.57 +/- 1.57 cm/year
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intercept: 3.77 +/- 0.29 cm
velocity : -11.51 +/- 0.83 cm/year
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Figure 6-4: Overview map of the three selected rock glaciers in the A) La Laguna catchment. The three rock glaciers are: B)
Tapado 2 rock glacier, C) Llano Des Las Liebres and D) CI104300102. Location of the weather station is located at the La
Laguna dam.




Assessing RG velocity from Landsat imagery
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Detection and reconstruction of rock glaciers kinematic over 24
years (2000-2024) from Landsat imagery

Diego Cusicanqui', Pascal Lacroix', Xavier Bodin?, Benjamin Aubrey Robson’, Andreas Kiib* and
Shelley MacDonell**
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