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Introduction — Study area

- INSAR data - Displacement time series per
evaluated pixel - identify areas of high displacements

To quantify the times at which the displacement
rate of the slow moving landslide changes.

We developed a new method
Evaluated method in two study areas:
- Mud Creek landslide in California, United States

- Mazar region, South-east Ecuador (Figure 1)

]
TUDelft

=1

Figure 1. InSAR velocity in south-east Ecuador
including the major city of Cuenca and the Mazar
hydropower complex.



Method
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*Remove outliers from
displacement time series
of selected pixels

*Find breakpoints (i.e., time
at which there are
accelerations or
decelerations)

*Pixels in a cluster that
show breakpoints at the
same time.

*Quantify selected pixels’

decelerations

number of accelerations or

accelerations
and
decelerations
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Applied to the time series
of each selected pixel




w» Pixelselecton = Outliers

- In the Mud Creek landslide,
1124 pixels with an absolute
displacement value above
the 98th percentile were
selected.

- All selected pixels are within
the boundaries of the pre-
catastrophic polygon defined
in other studies.
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w» Pixel selection Outliers

- In the area of interest Iin
Ecuador, 3230 pixels with
an absolute displacement
value above the 98th
percentile were selected
within an area of 211 km?
around the reservoir.
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w» Pixel selection

- Very few outliers were detected and
removed from this high quality data set

in Mud Creek

- In the case of the Mazar area more

outliers were found.
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w» Pixelselection @ Outliers ' Fitting ‘ Spatial analysis

Model fitting, evaluation and selection

Piecewise Linear Fit
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|
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Uncertainty around Statistically different
the defined slopes of fitted linear Determine the model with
breakpoint functions optimal number of
breakpoints
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w» Pixel selection

' Outliers

Model fitting, evaluation and selection
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Determine the model with
optimal number of
breakpoints
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w» Pixel selection

- Outliers

Model fitting, evaluation and selection
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Determine the model with
optimal number of
breakpoints
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w» Pixel selection

- Outliers

Model fitting, evaluation and selection
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Determine the model with
optimal number of
breakpoints
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w» Pixel selection

- Outliers

Model fitting, evaluation and selection
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Determine the model with
optimal number of
breakpoints
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w» Pixelselection @ Outliers ' Fitting ‘ Spatial analysis

Model fitting, evaluation and selection

Piecewise Linear Fit
PWLF 0i7s

| 0.150

0150 10150

0.125 0.125

[ 0.125
‘ Fitting and evaluation ‘ Selection 0100 ] 0100 100
| \ 0075 | 0075 l.o7s
- [ . — - - . 0.050 1 0050 050
Breakpoint criterion ‘ | Slope criterion | Akaike Information Criterion
(AIC) 0025 0025 In.0zs
o.000 0.000 0,000
Uncertainty around Statistically different ——— —
the defined slopes of fitted linear Determine the model with AT ST S 8 S S S PO SR
breakpoint functions optimal number of S e
breakpoints

]
TUDelft



w» Pixel selection

' Outliers

Model fitting, evaluation and selection
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Determine the model with
optimal number of
breakpoints

. Fitting

0175

0.150

0125

0.100

0.075 4

0.050 4

0.025

0.000

‘ Spatial analysis

3BP

o Ié‘ Iq‘l’\ Ib‘ IG‘ .h' Ié‘ Io‘ & g & g & g &
AT AT o .0 o AT AT L O
P E'E" £ BB B B D"P‘ E'E"

!

AlIC 3BP < AIC 1BP
< AIC 2BP
< AIC 4BP



W oOutliers

w» Pixel selection

- Defined number of
breakpoints per time series

- Important - the timing of
accelerations and/or
decelerations is associated
with an uncertainty.
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w» Pixel selection

Latitude
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- Outliers

. Fitting

‘ Spatial analysis

- We use the DBSCAN algorithm to select
pixels that are in a cluster and have a
change in velocity in the same month
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w» Pixelselection @ Outliers . Fitting ‘ Spatial analysis

- We quantify the number of accelerations
and decelerations in the entire landslide
area per month.
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w» Pixel selection
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- Outliers

' Fitting

‘ Spatial analysis

- We use the DBSCAN algorithm to select
pixels that are in a cluster and have a
change in velocity in the same season
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w» Pixelselecton W Outliers

We quantify the number of
accelerations and
decelerations in the region.
We observe accelerations
and decelerations occurring
throughout the year, with a
higher number of
accelerations in the first
months of the year.

The number of decelerations
diminishes by the end of the
period, with more
accelerations in 2020 than
decelerations.
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Concluding remarks

- We developed an objective and
systematic method for the detection and
guantification of accelerations and
decelerations of slowly deforming areas
from INSAR data.

- The ability to determine the temporal
and spatial variation of velocity changes
Is a step forward in the large-scale
interpretation of the physical behavior of
slow-moving deforming areas at both
sub-landslide and regional scales with
high spatial and temporal resolution.
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