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Geohazards INnSAR laboratory and Modelling group (InSARLlab), Geological Survey of Spain (IGME-CSIC): https://www.igme.es/INSARLAB/default.htm
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DINSAR ground deformation data (EGMS) Project outline

https://lond.copernicus.eu/pan-european/european-ground-motion-service

@ Hontorng European Ground Motion Service Help Info The SARAI project (“Towards a smart exploitation of land displacement data for the prevention and mitigation of

‘ "4"‘""‘""‘-“‘“’*‘-zmama:@? T~ geological-geotechnical risks’) aims to improve the exploitation capabilities of radar-based remote sensing

X LR e techniques from Sentinel-1 missions to measure and monitor land deformation: Differential Interferometric Synthetic

e | Aperture Radar (DINSAR) and Persistent Scatterer Interferometry (PSl). The main products of DINSAR and PSI are the

| ground motion velocity and time series of deformation. The goal is to improve the geohazard risk management

=°f_._‘ . | capabilities (land subsidence, landslides, slope instability, settlements, etc.) To facilitate the use of these data and

Lo (oo (2010 20) ) (Vi |Viax ] Hpt i S e e g create tools for non-expert users, we propose to create Al-based products that allow the automatic analysis of large
- - e s Cal " | INSAR daota sets to:

1. Identify the deformation signals and separate them from the noise.

2. Claossify these signals according to the natural or anthropic causative phenomenon.
3. Estimate the areas most susceptible to experiencing ground movements in the future.
4. Predict the temporal evolution of ground deformation.

SARAI

https://webwp.igme.es/sarai/index.php/en/home/
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e Building a database with:

o Previous INSAR geohazards processing results: (mean deformation velocity and time series. 1995/03/28 PEE i o
o Inventories of phenomena: landslides, subsidence, mining-induced motions. i e O 3
o Environmental covariates potentially related to ground deformation: geology/lithology, slope, land cover, distance Sl s L. 20N fdF
to infrastructures, rainfall, soil water index, groundwater level, etc. = 4 h
e Use database to train ML classifiers of ADAs. | y )
e Test approaches for PSI time series forecasting: Madrid detrital aquifer: | o
o Classic time series models: ARMA, Prophet. e Used as backup water supply
o ML & DL models: Random Forest, NeuralProphet, CNN, LSTM, etc. during drought emergencies. o ) £
e Ground deformation time series E il
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Forthcoming steps
e Enlarge the daotabase and retrain ML classifier: both more INSAR data in other locations and more spatiotemporal Mean RMSE (m) Mean MAE (m) MeanMAPE (%)
covariates (++ rows, ++ columns)
e Assess performance of ML classifiers against custom tools (ADATools)
e Apply ML classifier to EGMS products in Spain Spain (catalogues/inventories of covariates ready) -> to feed up the ARIMA 0.007 0.007 0.566
database
e Susceptibility mapping based on ADAs classification results (probability thresholds?) Prophet 0.006 0.005 0.445
e Time series clustering to make time series forcasting scalable (> 10° PSI points)
e [estnew DL architectures (CNN, ConvLSTM) for PSI time series forecasting (e.g., 2D Satellite Image Time Series-SIT5)
e Building useful training datasets for SITS prediction (e.g., data augmentation).
e MOST IMPORTANT: Generalizing, reusing, scaling (cloud, own servers, ...) and deploying (APls, apps, web services, ..)
geohazards classification and forecasting solutions NeuralProphet (AR-Net & FFNN) 0.00/ 0.004 0.423
2D ground deformation time series forecasting with DL 161D CNN,, . 0,095 0,020 ]
U-net + Dense-Net -

Satellite Image Skip connection
Time Series (SITS) J

Skip connection Output sequence

Input sequence

N * ) V7 F ° l
i d oAl . 1§ nal remarks
y i — /’ N ) . ,,, N 2 ‘ //“‘\ F—\ =N ]\ . Predicted l
! [ -[g Ul l gl + @f + Y time-series
j 12-layer dense block 12-layer dense block | | ~ ~ 12-layer dense block | | deformation
‘\, / /
64 32 w 64 x 2

2 2 e Preliminary tests show that ADAs can be successfully classified with ML tree esemble methods. Let's see when
X, X, ++ X W SRR, & INSAR database increases..

4 Rt = _ . s R el e Based on previous experience and literature, we expect promising results in 1D and 2D PS time series forecasting,
e — I G s j using ML time-series models (e.9., Random Forest, NeuralProphet) and DL (CNNs, ConvLSTM, ...)

. e Open issues: how to deal with SITS-DL preprocessing, training, scaling and deployment.

e |deas and/or suggestions are highly welcome.
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