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Avalanche risk assessment critically depends on
knowledge of spatio-temporal avalanche activity
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Avalanche debris reflects more energy to
the satellite than undisturbed smooth snow
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We use temporal change detection, segmentation and
filtering to automatically detect avalanches in S1 images

S

DATE
120161224
120161224
120161224
120161224
i20161224
120161226
120161226
120161226
$20161226
120161226
20161226
:20161226
$20161226
20161226
120161228
120170103
{20170103
120170103
$20170103
120170103
20170103
21 120170104
20170104
$20170107
20170107
20170111
20170115
120170116
0120116

oi,"
4

HEoaNowawNNS

SaLEUR

Temporal change detection Filtering & segmentation

Detection hard limit is reached!
PODs: 82 % and 55.7 %

and 13.8 %

FARs: 26.4

(compared to manual interpretation)
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Putting some magic sauce over the Sentinel-1 images
might increase our detection sensitivity

Labeled dataset available

Transfer learning increases size of dataset

CNNs excel at image classification

Auxiliary data as input layers are possible




10000 px

We trained two different CNNs on a labeled dataset of
manually interpreted avalanches
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Using CNNSs, sensitivities consistently over 90 % were
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Further increase of sensitivity was achieved using U-net
architecture as segmentation network
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Complete avalanche records allow for exploring the
causal relationship of activity with triggering factors
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ML and our complete avalanche activity dataset will be
used for automatic avalanche forecasting
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Similar CNN architectures are also used for oil spill
detection in SAR images
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Remote sensing produces big data and is in need of
various ML techmques 1(0)§ analy31s
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