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Time-series Forecasting for Ground Deformation

Victor Ponce-Lopez, Paul Hill, and Juliet Biggs, University of Bristol, UK

Aim: To study a possibility of machine learning to forecast seasonality of ground deformation in UK InSAR data

Problem statement Experiments & Results

" |nterferometric Synthetic Aperture Radar (InSAR) data can detect
surface deformation. Prediction over time with models learned from different observed periods

" Deep machine learning can model seasonal InSAR signals of specific N, = {1,6,9,12}

Predictions over 9 months forecasting with observed periods of 1, 6, 9, 12 months
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Background
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Mean error and Standard deviation for the 9-th month forecasting with observed periods of 1, 6, 9, 12 months
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N, = 12 provides the
highest error when N,, = 9,

in spite of Ny > N,,

* For 9-month forecasts, varying size of 1 < N, < 12 is not very significant.
* For the 1%t month forecast, 6 < Ny < 9 provides lower error than Ny, < 1,
but Ny, < 12 increases the error again.

Method
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Training data windows at different timesteps
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Look
backward
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Datapoints over time
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Predictions over 6 months forecasting with observed periods of 10 months
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Next Steps

,,,,,

Comparison to methods based on Seasonal Autoregressive Integrated
Moving Averages (S-ARIMA).

Cumulative Displacement (mm)

Consider other regression metrics depending on application.

Transfer learning of LSTMs across multiple areas.

1 Velocity maps
1 Multiple locations
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Datapoints over time

RMSE(y) = \/MSE(j?) — \/E((j? —y)2) Adaptation and comparison to geophysical models.
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