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Motivation

ML towards complex process understanding in glacial ice



motivation

Understanding glacial movement (local surface deformation / basal motion)

Can we predict GPS movement using seismic data on a glacier ?

We certainly can in the lab (rouet-LeDuc et al. 2018a)
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RESOLVE

‘High-Resolution imaging in subsurface geophysics:
development of a multi-instrument platform for interdisciplinary research’




Argentiere glacier (GPS)
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Argentiere glacier (GPS)
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Argentiere glacier (seismic array)
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Random Forest

Supervised Machine Learning



random forest in a nutshell
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randomized decision tree approach (forest classifier / regressor)

multiple single decision trees are randomly constructed following the same design (depth, nodes) /
diverse set of classifiers

outputs are averaged (handles data gaps/ high dimensionality, won't overfit)



random forest in a nutshell
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classification problem

nodes are features

root (node) ‘ Weather
final decisions are made at the leaves of the tree

branch from each node represents outcomes of that node



random forest in a nutshell
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model set up

data == features

target == labels

statistical characteristics of
seismic signals

meteorological data

beamforming catalogue

GPS (velocity/ displacement)

1. Features to choose

(find attribute that splits the data)

2. Conditions for splitting

(ask relevant question)

3. Knowing when to stop

(following answer path)

uncover underlying function that relates seismic
features to GPS displacement rate and thus,
formulates the problem as a regression



model set up
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label (GPS data)

7 GPS stations on the Argentiére Glacier

4 stations on-ice (within the array aperture)

3 stations off-ice on the bedrock

1 hr sampling (6 hrs moving average)
some data gaps / some outliers (partially removed)

components: vertical, horizontal (E+N, E and N individual)



label (GPS data)
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label (GPS data)

_ _ vertical velocities [mm/h]
very likely related to shortening of antenna masts

(removed)
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ARG4 velocity [mm/h] ARG2 velocity [mm/h]

ARGR velocity [mm/h]
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features
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beam sources

catalogue of located beam sources for 15 frequencies
(5-20 Hz)

matched field processing in 5D (X, y, z, velocity, time)
using a simple phase match replica (steering vector)

time window: 1 sec (0.5 sec overlap)

28 starting points at depth using monte carlo sampling
in array environment » 28 locations / 0.5 sec

selection of best location according to beampower
» 1 location/ 0.5 sec
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DATA

KGj(w) = di(w)dj(w)

cross-spectral density matrix

beam sources (matched field processing)

SYNTHETICS

A —wa

d;(w,a) = exp e

replica vector

monte carlo sampling (simulated annealing)

Kij(w)d;(w,a)




beam sources

depth

time

beampower
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beam sources
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thresholding source catalogue by 2450
* beampower [0.2 - 1.0] for 5, 10, 15, 20 Hz
* beampower [0.05 - 0.2] for 5 Hz
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model

exemplary [10 Hz]
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preliminary predictions (50/50 split, boosted tree)

ARG5GR mean
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average over all off-ice (bedrock) stations
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feature importance evaluation and hyperparameter tuning

off-ice stations

*  best fit was derived using only the lower
voxels (1-4) of the beamformer catalogue

noise source activity at the ice-bed-
interface seems to drive GPS velocity at
the surface of the glacier
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conclusions

Can we predict GPS movement using seismic data on a glacier?

very early state (work in progress), promising observations and findings though!

model seems to be fairly able to capture not only daily fluctuations, but also longer-term
behavoir of the GPS velocity

beamformer catalogue seems to be very valuable, as it is by far the most important feature
for the prediction of the GPS velocity on the glacier

if true, feature importance would reveal 'active areas' within the glacier, that drive the GPS
movement (local deformation at the surface vs. interactions on the ice-bedrock-interface)

Can we learn about basal motion here?



What comes next ...

> xgboost (iterative feature dropping) / hyperparameter tuning
> other seismic stations/ GPS components and stations

> long time series (1 borehole sensor, 3 years of data // no beam catalogue)
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