Multi-channel U-Net for Separating Temporal Gravity Signals
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Motivation

Temporal gravity
variations reflect the
sum of many mass
redistribution
processes on Earth

The individual mass
change processes
differ by their
characteristic space-
time behavior

We train a neural
network to recognize
the individual signal

and noise
components based on
their typical patterns
and co-predict them,
given their sum

The multi-channel U-
Net outperforms the
standard statistical
reference method in
extracting the linear
behavior and trend
value of the GIA signal
component

Our signal separation
framework is freely
available to be used

in further studies
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* Synthetic time-variable gravity signals AO, H, S from the Updated Earth System Model [2] + simulated satellite gravity noise N
e Resolution: weekly, d/o 100
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How to transform spatio-temporal gravity data to Closed-loop simulation setup:

image-type samples?

sum

3-D data tensor: 2-D samples:

Spatio-temporal gravity data:
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“ground truth”
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Alternative sampling methods:
@-A samples, -t samples, ...

longitude A

Example scenario

How well can we extract the Glacial Isostatic Adjustment (GIA,S) signal from a sum of signals and noise?

Prediction
(ref. method [4]):

Prediction
(U-Net [1,3]):

Simulated scenario: Ground truth:
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Conclusion

We developed and published a neural network-based software for gravity
signal separation: https://github.com/Betty-Heller/neural-gravity

Suitable sampling strategies allow the application of computer vision
methods to space-time geodetic data

Framework serves as starting point for task-specific tuning, real data
application, further development

Code on github
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