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Fault = 1300km

● 3 main shocks:
○ 6.4
○ 5.4
○ 7.1

50kmThe San Andreas Fault



Need for Dense Ground Displacement Fields



Need for Dense Ground Displacement Fields

Direct field measurements: 

● Only sparse annotations 



High spatial resolution: 1m/pxl

Optical Geodesy

https://docs.google.com/file/d/1-chmtWWJNv0IIjE6wcVixq0pxzXzYBOF/preview


The California RidgeCrest - 2019
Pre-Seismic Image

Post-Seismic Image with fault 
segmentation in blue

Medium spatial resolution: 15m/pxl



The California RidgeCrest - 2019
Pre-Seismic Image Post-Seismic Image

Medium spatial resolution: 15m/pxl
High spatial resolution: 1m/pxl



The California RidgeCrest - 2019
Pre-Seismic Image Post-Seismic Image

Medium spatial resolution: 15m/pxl
High spatial resolution: 1m/pxl
Very high spatial resolution: 50 cm/pxl



Estimating Ground Displacement Fields
3 pxl

-3 pxl



COSI-Corr: a very competitive baseline, achieving subpixel 
accuracy
● COSI-Corr:

○ Performs correlation and co-registration
○ Correlation is computed in the frequency domain
○ Achieves subpixel accuracy
○ Highly sensitive to temporal perturbations

COSI-Corr estimate in 
the EW direction 

COSI-Corr estimate in 
the NS direction 



MicMac: a spatial domain correlator with regularization
● Micmac:

○ Performs correlation 
○ Correlation is computed in the spatial domain
○ Achieves subpixel accuracy, specifically robust to small window size (achieve higher accuracy 

for high resolution images)
○ Incorporate a regularization to reduce noise

MicMac estimate in the EW 
direction (no regularization) 

MicMac estimate in the EW 
direction (with regularization) 

MicMac estimate in the NS 
direction (with regularization) 



Is Deep Learning a possible solution?

● The challenges:
○ No ground-truth data
○ Sub-pixel accuracy 
○ Temporal perturbations create noise in the estimates
○ Robustness to different satellite imagery going from very high resolution (50cm) to medium 

resolution (15m)

● A first baseline: GeoFlowNet

● Our key ingredients:
○ Iterative Deep Learning
○ Total Variation Regularization



No Ground truth data



No Ground-Truth Data: a Need for a Synthetic Simulator



No Ground-Truth Data: a Need for a Synthetic Simulator



No Ground-Truth Data: a Need for a Synthetic Simulator



No Ground-Truth Data: a Need for a Synthetic Simulator



No ground truth data: A pseudo ground truth evaluation 
benchmark

COSI-Corr Estimates after smoothing
SPOT-6 (2m/pxl)

Automatic fault 
detection

Region and fault 
segmentation



A need for subpixel accuracy



A Need for Sub-Pixel Accuracy
Pre-seismic 

image

Post-seismic 
image

COSI-Corr estimate in 
the NS direction 

3 pxl
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A Need for Sub-Pixel Accuracy
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Post-seismic 
image
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the NS direction 
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A Need for Sub-Pixel Accuracy
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Post-seismic 
image

COSI-Corr estimate in 
the NS direction 

3 pxl

-3 pxl



GeoFlowNet - 1 iteration of encoder-decoder network

COSI-Corr GeoFlowNet 

3 pxl

-3 pxl

COSI-Corr
GeoFlowNet



Adding explicit warping layer



And Iterative Refinements (IR)





Iterative Refinement achieves subpixel accuracy

COSI-Corr GeoFlowNet 
Iterative 

Refinements

3 pxl

-3 pxl



COSI-Corr
GeoFlowNet
Iterative Refinements

Iterative Refinement achieves subpixel accuracy
Iterative 

RefinementsGeoFlowNet COSI-Corr 



A need to be robust to temporal perturbations



A Need to Be Robust to Temporal Perturbations

Pre-seismic 
image

Post-seismic 
image

Pre-seismic 
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image
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image

Post-seismic 
image



Pre-seismic 
image

Post-seismic 
image COSI-Corr GeoFlowNet Iterative 

Refinements

0.2 pxl
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A Need to Be Robust to Temporal Perturbations



Applying a non convex regularization

Data Fidelity Term

Smoothness Term



Impact of the smoothness term

Iterative Refinements
Microflow



Pre-seismic 
image

Post-seismic 
image COSI-Corr Iterative 

Refinements MicroFlow

A Need to Be Robust to Temporal Perturbations
0.2 pxl

-0.2 pxl

Iterative Refinements
Microflow



Pseudo 
groundtruth

EW

NS

COSI-Corr
Iterative 

Refinements MicroFlow
0.2 pxl

-0.2 pxl

A Need to Be Robust to Temporal Perturbations



Quantitative results

Synthetic 
Benchmark

Pseudo-ground truth 
benchmark



A need to be robust to different satellite 
imagery



Pseudo 
groundtruth

EW

NS

COSI-Corr GeoFlowNet MicroFlow
0.2 pxl

-0.2 pxl

Landsat-8: a medium-resolution sensor (15m/pxl)



EW

COSI-Corr GeoFlowNet MicroFlow
6 pxl

-6 pxl

SeaRaft

ADS: a very high resolution sensor (50cm/pxl)



NS

COSI-Corr GeoFlowNet MicroFlow
6 pxl

-6 pxl

SeaRaft

ADS: a very high resolution sensor (50cm/pxl)



ADS: zoomed-in example
Pre-seismic 

image
Post-seismic 
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Key Take Away

● Deep Learning models can help estimating the ground displacement fields
○ Trained with only a semi-synthetic dataset, it generalizes well to the real-world examples
○ Two key ingredients in the model:

■ Iterative Refinements with explicit warping helps achieving subpixel accuracy, and 
recovering small to very small displacement faults

■ Non-convex a posteriori regularization helps reducing the noise due to temporal change


