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The problem

 Rock glaciers can contain
significant amounts of ice

* Yet are spectrally
Inseparable from the
surrounding terrain

« As such, most rock glacier
Inventories are based on
time consuming and
subjective manual
Interpretation
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Clean ice and debris-covered ice can be identified with
multispectral and SAR coherence data respectively
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The same does not work for rock glaciers
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Target Class

Undassified

1. Sentinel-2 image 2. Convolutionwith 5x5 kemel 3. Max pooling 4. Convolution with 2x2 kernel 5. Fully connected layer 6. Probability heatmap

using one feature map.

Convolutional Neural Networks (CNN)

A simplified example of a Convolutional Neural Network workflow. A convolution based on a 5x5 moving window is
applied to an input image, resulting in the first convolutional layer. Note that the process has been simplified and most
CNNs would involve additional convolution and pooling layers, feature maps, and additional input bands.
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GeoEye 20104 7 GeoEye 201 Pléiades 2019

DEM Extraction

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
Level 3: Scale parameter 30, shape 0.7, compactness 0.9

Sentinel-2

Red, Green, Blue, NIR, SWIR,
NDVI, SAAVI, MINDWI

Training Point Data _ ' :
Red. Green, Blue, NIR, Callect Samples
WIR, NDVI, SAAVI, MNDWI : 7

Create and Train CNN

Convolutional Layer 1:3x3x70
Convolutional Layer 2:7x7x40
Convolutional Layer 3;3x3x20
Convolutional Layer 4:1x1x12
Convolutional Layer 5:3x3x12

-Me e objects)
Gaussian filtery —
7XT pixels Clean up 2 Slope < 15

) Heatmap < 0.35
Remove if: Asymmettry < 0.6
Area < 0.025 km?

Pleiades DEM
DEM, Slope, Curvature

: Heatmap = 0.35
Rock Glaciers 12-15 < Slope < 20 - 22
o Slope = 8- 12

Heatmap > 0.2
15 < Slope < 30

aSlope<8-12

Relative border to rock glacier = 5%
Mean Difference to Slope < 5%
Mean Difference to Spectra < 5%

Cleanup 1

Expand if:

Smooth Qutlines While heatmap > 0.2 - 0.3:
pixel-based growing (7x7 kernel)

pixel-based shrinking (7x7 kernel}
remave donuts holes
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Combining CNNs

' with Object OBIA

« Split rock glacier inventory
Into 30% validation and
70% training

« Also used RGI for glacier
outlines

 Train CNN to generate
probability heatmap

 Reshape and refine in
OBIA
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& Area Analysed
| | Subset used for Pl¢iades analysis

86°10'E

28°20'N

28°N

30°N

Trialed in two distinct s@@
periglacial catchments

« La Laguna Catchment,
Chile

* Poiqgu Catchment, Tibet

 Data: Sentinel 2, Sentinel 1
coherence, DEM
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e Results:

S Generation of
probability map

Higher pixel values
(shown In red)

} g Indicate a higher
:‘ | ‘ probability a pixel is a
rock glacier
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Comparison with manual rock glacier inventory - Poiqu
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Comparison with manual rock glacier inventory — Poiqu
(L 4

Analysis
repeated on
Plelades
Imagery

Same
accuracy, but
smaller rock
glacier
mapped




Results - accuracy
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Classification | User

Accuracy

(%)

63
o

Total 65.9

(Sentinel)

Poiqu 72.0

(HEIEGES)

Producer
Accuracy
(%)

75.4

75.0

71.4

88.4

Total
Accuracy
(%)

97.1

56.5

72.0

76.8
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Kappa

coefficient

0.67
0.72

0.68

0.76
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Conclusion

* A combination of CNNs and OBIA shows promise

for creating rock glacier inventories from remote
sensing data

* Future developments needed before the method
can be used automatically for rock glacier
iInventories...

 ...but our method reduces the amount of manual
work needed




